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ARTIFICIAL INTELLIGENCE

KEY TAKEAWAYS

o— Artificial intelligence (Al) is a foundational tech-
nology that is supercharging other scientific fields
and, like electricity and the internet, has the
potential to transform societies, economies, and
politics worldwide.

o— Despite rapid progress in the past several years,
even the most advanced Al models still have
many failure modes and vulnerabilities to cyber-
attacks that are unpredictable, not widely appre-
ciated nor easily fixed, and capable of leading to
unintended consequences.

o— Nations are competing to shape the global rules
and standards for Al, making interoperability,
sizeable national compute resources, and inter-
national governance frameworks critical levers of
geopolitical influence.

Overview

Avrtificial intelligence (Al), a term coined by computer
scientist and Stanford professor John McCarthy in
1955, was originally defined as “the science and
engineering of making intelligent machines.” In
turn, intelligence might be defined as the ability to
learn and perform suitable techniques to solve prob-
lems and achieve goals appropriate to the context in
an uncertain, ever-varying world." Al could be said
to refer to a computer's ability to display this type of
intelligence.

The emphasis today in Al is on machines that can
learn as well as humans can learn, or at least some-
what comparably so. However, because machines
are not limited by the constraints of human biol-
ogy, Al systems may be able to run at much higher
speeds and digest larger volumes and types of infor-
mation than humans are capable of.
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Today, Al promises to be a fundamental enabler of
technological advancement in many fields, arguably
of comparable importance to electricity in an earlier
era or the internet in more recent years. The science
of computing, worldwide availability of networks,
and civilization-scale data—everything collectively
underlying the Al of today and tomorrow—are
poised to have similar impact on technological prog-
ress in the future. Moreover, the users of Al will not
be limited to those with specialized training; instead,
the average person on the street will increasingly
interact directly with sophisticated Al applications
for a multitude of everyday activities.

The global Al market is projected to be worth
$244.22 billion in 2025, with North America receiv-
ing 33.8 percent of total Al revenues.? The Stanford
Institute for Human-Centered Artificial Intelligence
(HAI) Al Index 2025 Annual Report found that private
investment in all Al start-ups totaled $150.79 billion
in 2024, surpassing the previous record high of over
$120 billion, in 2021, after two consecutive years of
decline.?

One estimate forecasts that generative Al—which
can create novel text, images, video, and audio
output and is discussed in more detail later in this
chapter—could raise global GDP by $7 trillion and
raise productivity growth by 1.5 percent over a
10-year period if it is adopted widely.* Private fund-
ing for generative Al start-ups surged to $33.94 bil-
lion in 2024, an 18.7 percent increase from 2023.5

The question of what subfields are considered part
of Al is a matter of ongoing debate, and the bound-
aries between these fields are often fluid. Some of
the core subfields follow:

o— Machine learning (ML) Enabling computers to
perform tasks without explicit instructions, often
by generalizing from patterns in data. This includes
deep learning that relies on multilayered artificial
neural networks—which process information in a
way inspired by the human brain—to model and
understand complex relationships within data.

o Natural language processing Equipping
machines with capabilities to understand, inter-
pret, and produce spoken words and written
texts, often using ML techniques.

o— Computer vision Enabling machines to recog-
nize and understand visual information from the
world, convert it into digital data, and make deci-
sions based on these data, often through apply-
ing ML.

Much of today's Al is based on ML, though it draws
on other subfields as well. ML requires data and
computing power—often called compute®—and
much of today’s Al research requires access to these
on an enormous scale. The importance of ML is
underscored by the award of the 2024 Nobel Prize
in Physics (for foundational discoveries enabling ML
with artificial neural networks’) and the Nobel Prize
in Chemistry (for solving the problem of protein
structure prediction using Al-based techniques®).

In general, a traditional ML model is developed to
solve a particular problem, with different problems
calling for different models; for problems sufficiently
different from each other, entirely new models need
to be developed. By contrast, foundation models, a
relative newcomer to Al, discussed later in this chap-
ter, may be used across a variety of problems.

ML requires large amounts of data from which it
can learn. These data can take various forms,
including text, images, videos, sensor readings,
and more. Learning from these data is called train-
ing the Al model. The quality and quantity of data
play a crucial role in determining the performance
and capabilities of Al systems. Without sufficient
high-quality data, models may generate inaccurate
or skewed outcomes. Research continues on how to
train systems efficiently: One option is to start from
existing models and use a much smaller amount of
specially curated data to refine those models’ per-
formance for specialized purposes; another option
is to compress existing large models into much
smaller ones.
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For a sense of scale, estimates of the data required
to train GPT-4—one of OpenAl’s large language
models (LLMs), released in March 2023 and the
base on which previous versions of ChatGPT were
built—suggest that its training database consisted of
the textual equivalent of around 100 million books,
or about 10 trillion words, drawn from billions of web
pages and scanned books. (LLMs are discussed in
more detail below.)

The hardware requirements for computing power
are also substantial. For example, reports indicate
that the training of GPT-4 took about 25,000 Nvidia
A100 GPU deep-learning chips—at a cost of $10,000
each—running for about 100 days.? Including both
these chips and other hardware components used,
the overall hardware costs for GPT-4 were at least a
few hundred million dollars. And the chips underly-
ing this hardware are specialty ones often fabricated
offshore.'® (Chapter 9, on semiconductors, discusses
this point at greater length.)

Lastly, Al models consume a lot of energy. Consider,
first, the training phase: One estimate of the elec-
tricity required to train a foundation model such as
GPT-4 puts the figure at about 50 million kilowatt-
hours (kWh)." The average American household uses
about 11,000 kWh per year, meaning the energy
needed to train GPT-4 was approximately the same
as that used by 4,500 average homes in a year.
Paying for this energy adds significant cost and raises
environmental concerns, even before a single person
actually uses a model.

Once a model is up and running, the cost of energy
used to power queries can add up fast. This is known
as the inference phase. For ChatGPT, the energy
used per query is around 0.002 of a kilowatt-hour,
or 2 watt-hours (Wh)."? (For comparison, a single
Google search requires about 0.3 Wh,™ and an alka-
line AAA battery contains about 2 Wh of energy.)

Given hundreds of millions of queries per day, the
operating energy requirement of ChatGPT might
be a few hundred thousand kilowatt-hours per day,

at a cost of several tens of thousands of dollars.
With the recent focus on what are called reasoning
models—foundation models that seemingly “think”
through problems step by step before presenting
the user with an output—such inference costs have
substantially increased in the past year.

Al is expected to automate a wide range of tasks. But
it also has particular promise in augmenting human
capabilities and further enabling people to do what
they are best at doing.™ Al systems can work along-
side humans, complementing and assisting their
work rather than replacing them. Some present-day
examples follow.

Healthcare

o— Medical diagnostics An Al system that can pre-
dict and detect the onset of strokes qualified for
Medicare reimbursement in 2020."

o— Drug discovery An Al-enabled search iden-
tified a compound that inhibits the growth of a
bacterium responsible for many drug-resistant
infections, such as pneumonia and meningitis, by
sifting through a library of seven thousand poten-
tial drug compounds for an appropriate chemical
structure.’

o— Patient safety Smart Al sensors and cameras
can improve patient safety in intensive care units,
in operating rooms, and even at home by improv-
ing healthcare providers’ and caregivers’ ability
to monitor and react to patient health develop-
ments, including falls and injuries."”

Agriculture

o- Production optimization Al-enabled computer
vision helps some salmon farmers pick out fish
that are the right size to keep, thus off-loading
the labor-intensive task of sorting them.®

o— Crop management Some farmers are using
Al to detect and destroy weeds in a targeted

01 ARTIFICIAL INTELLIGENCE
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manner, significantly decreasing environmen-
tal harm by using herbicides only on undesired
vegetation rather than on entire fields. In some
cases, this has reduced herbicide use by as much
as 90 percent.”

Logistics and Transportation

Autonomous trucking From January to August
2024, a consortium of companies autonomously
drove trucks carrying tires for over 50,000 long-haul
miles.? Continued success could automate long-
haul drives—the most boring, time-consuming part
of a trucker’s job—while keeping human tasks like
navigating the first miles from factories and the last
miles to customers.

Law

Legal review Al-based systems can reduce the
time lawyers spend on contract review by as much
as 60 percent. Further, such systems can enable
lawyers to search case databases more rapidly than
online human searches.?

Key Developments

Foundation Models

Foundation models have dominated the conversa-
tion about Al since late 2022. These models are large-
scale systems that are trained on vast amounts of
diverse data and that can handle a variety of tasks.?
They often contain billions or trillions of parameters,
and this vast scale allows them to capture more com-
plex patterns and relationships. (Parameters are the
building blocks of a foundation model, with values
set during training. Though not directly interpreta-
ble as discrete chunks of knowledge, parameters
act like billions of adjustable knobs that collectively
guide how the model learns patterns and makes
decisions. The most essential part of a parameter is
the weights it uses. Weights represent the strength

of connections within the model, encoding learned
patterns from training data and determining how
much influence each piece of information has on the
model’s behavior.)

Trained on large-scale data, foundation models can
exhibit broad capabilities® and are thus sometimes
called general-purpose models. They excel at trans-
fer learning—applying knowledge learned in one
context to another—making them more flexible
and efficient than traditional task-specific models. A
single foundation model can be fine-tuned for vari-
ous tasks, often reducing the need to train separate
models from scratch.

These models are generally classified as closed
source, open weight, or open source. A closed-
source model is a proprietary one developed and
maintained by a specific organization, usually a for-
profit company, with its source code, data, and archi-
tecture kept confidential. Access to these models
is typically restricted through technically enforced
usage permissions, such as application program-
ming interfaces, allowing the developers to control
the model’s distribution, usage, and updates.

By contrast, an open-source model is one whose
code, data, and underlying architecture are publicly
accessible, allowing anyone to use, modify, and dis-
tribute it freely. Open-weight models fall in between:
Their weights are publicly released, but other com-
ponents, such as training data, are kept confidential.

The most well-known type of foundation model is
an LLM—a system trained on very large volumes of
textual content. LLMs are an example of generative
Al, a type of Al that can produce new material based
on how it has been trained and the inputs it is given.
Models trained on text can generate new text based
on a statistical analysis that makes predictions about
what other words are likely to be found immediately
after the occurrence of certain words.

These models do not think or feel like humans do,
even though their responses may make it seem like
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they do. Instead, LLMs use statistical analysis based
on training data. For example, because the word
sequence “thank you" is far more likely to occur than
"thank zebras,” a person’s query to an LLM asking it
to draft a thank-you note to a colleague is unlikely to
generate the response “thank zebras.”

LLMs generate humanlike language across many
subjects, producing potentially useful content such
as code, poetry, legal summaries, and medical
advice. They outperform median human scores on
exams in obstetrics and gynecology;?®* divergent
thinking tests;?® and the LSAT, the GRE, and vari-
ous Advanced Placement exams.?* However, they
do not necessarily master the underlying skills that
these tests assess and still make errors and fail unex-
pectedly. Developing valid evaluation metrics that
accurately capture the true capabilities, limitations,
and risks of foundation models remains an open and
ongoing research challenge.?

Well-known closed-source LLMs include certain of
OpenAl's models, such as those in the GPT series;
Anthropic’s Claude Opus 4.1; and Google’s Gemini
2.5 Pro. Well-known open-source or open-weight
LLMs include Meta’s Llama 4, Google's Gemma 2,
and Cohere’s Command R.

Specialized foundation models have also been
developed in other modalities such as images,
audio, and video.

o— Foundation models for images are able to gen-
erate new images based on a user's text input.
Novel methods for handling images, combined
with the use of very large collections of pic-
tures and text for training, have led to models
that can turn written descriptions into images
that are quickly becoming comparable to—and
sometimes  indistinguishable  from—real-life
photographs and artwork created by humans.
Examples include OpenAl’s DALL-E 3, the open-
source Stable Diffusion, Google's Imagen, Adobe
Firefly, and Meta's Make-A-Scene.

o— An example of a foundation model for audio is
UniAudio, which handles all audio types and
employs predictive algorithms to generate
high-quality speech, sound, and music, surpassing
leading methods in tasks such as text to speech,
speech enhancement, and voice conversion.

o— Foundation models in video such as Meta’s Emu
Video and OpenAl’s Sora represent a significant
advancement in video generation. Emu first gen-
erates an image from a text input and then creates
a video based on both the text and the generated
image. Sora also enables the user to turn exist-
ing images into videos while also editing videos
through textual input.

Multimodal Models

Al systems that incorporate multiple modali-
ties—text, images, and sound—within single models
are becoming increasingly popular. This multimodal
approach, shown in figure 1.1, aims to create more
humanlike experiences by leveraging various senses
such as sight, speech, and hearing to mirror how
humans interact with the world.

Multimodal Al systems have diverse applications
across sectors. They can enhance accessibility for
people with disabilities through real-time transcrip-
tion, sign language translation, and detailed image
descriptions. They can also eliminate language bar-
riers via cost-effective, near-real-time translation
services. In education, multimodal Al can support
personalized learning by adapting content to vari-
ous formats and learner types, improving engage-
ment and comprehension.

When integrated with virtual and augmented reality,
Al can create immersive, highly realistic training envi-
ronments that are particularly valuable in fields like
healthcare. The advent of multimodal Al is also set
to further transform human—-computer interactions,
enabling more intuitive communication and expand-
ing the range of tasks that Al systems can handle.

01 ARTIFICIAL INTELLIGENCE
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Limitations and Risks of Current
Al Systems

Potential positive impacts of Al will likely come from
societal applications. But no technology is an unal-
loyed good. Negative impacts are expected both
from current Al limitations and future advances. Key
issues include the following:

o— Explainability Al systems generally cannot
explain their reasoning or data sources. While
explanations aren’t always needed, in critical
domains, like medical decision making, they are
essential for user confidence and trust.

o— Bias and fairness Models trained on biased
datasets reproduce those biases. For example, a
facial recognition system trained mainly on one
ethnic group may perform poorly on others, likely
leading to disproportionate harms.?® Because
data reflects historical inequities, models inevita-
bly embed them, too.

o— Vulnerability to attacks Small changes to data
or inputs can trick Al into false conclusions. For
example, small changes, invisible to the naked

eye, made to the individual pixels of a stop sign
image can cause an Al to classify it as a yield
sign.?’ (Chapter 3, on cryptography and computer
security, discusses this point in greater detail.) This
could prove particularly dangerous for systems
used in medicine or the military. Newer models
(e.g., multimodal models and agents, covered later
in this chapter) expand possible attack vectors.

Deepfakes Al provides the capability for gener-
ating highly realistic but entirely inauthentic audio
and video imagery. This has obvious implications
for evidence presented in courtrooms and for
efforts to manipulate political contests. However,
despite widespread concerns expressed in 2024
about the potential effects of deepfakes on elec-
tions, fake audio, images, and videos did not play
as transformative or disruptive a role as feared in
the 2024 US elections.® Of particular interest is
the observation that traditional “cheap fakes"—
relatively crude attempts made by manipulating
videos and other content—were more prevalent
than Al-generated deepfakes. Nevertheless,
concerns remain about the potential impact on
future democratic processes as the sophistication
and usage of Al-generated deepfakes increase.

FIGURE 1.1 Multimodal Al systems can transform one type of input into a different type of output
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Al agents ideally operate by executing tasks with minimal

human input and oversight. . .. Yet, from a technical
standpoint, present-day [agents] face major limitations.

o Privacy Many LLMs are trained on vast amounts
of internet data, often without careful filtering,
and such data can include individuals’ personal
information. Once incorporated into training
datasets, this information may be reproduced or
disclosed by the model. Additionally, as Al han-
dles sensitive tasks like mental health support,
privacy concerns will grow.

o— Overtrustand overreliance Familiarity increases
user trust, but people may become too compla-
cent when employing Al tools. For example, a
recent study showed that developers who used
Al coding assistants wrote less secure code—yet
they believed that what they were producing was
more secure.’’

o— Hallucinations Hallucinations occur whenever
models generate plausible but false outputs,
leaving users unaware that the outputs are fab-
ricated. In September 2024, a Stanford profes-
sor asked an Al to list ten of her publications. It
returned five real publications and five invented
ones, complete with convincing titles and sum-
maries. When she flagged the errors as halluci-
nations, the model simply produced two new
fabricated results.

Researchers are aware of these problems and are
working on fixes, but solutions often don’t general-
ize beyond specific cases.

Over the Horizon
Al Agents

Al agents ideally operate by executing tasks with min-
imal human input and oversight, such as setting peo-
ple’s daily agendas and coordinating software tools.
Such agents are gaining traction in activities within
enterprises such as customer service and invoice pro-
cessing. OpenAl's strategy for ChatGPT involves it
becoming a “super assistant” that handles everyday
tasks such as drafting emails, offering medical advice,
and managing finances.* Yet, from a technical stand-
point, present-day Al agents face major limitations.

o~ Memory The basic unit that an LLM reads and
generates to process text—whether a whole
word, part of a word, or punctuation—is known as
a token. For Al agents to be effective, they need
to remember things, such as when a meeting
was scheduled in a previous session. An agent's
memory is limited by context length, which is the
maximum number of input and output tokens
the system can handle at any one time. Although
the context length of top systems has expanded
dramatically in recent years, it is still not enough
to remember all the details needed to execute
many multistep tasks, especially across different
sessions. Efforts to increase cross-session memory
and enhance long-term storage are still nascent.

01 ARTIFICIAL INTELLIGENCE
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o— Reliability Even with adequate memory, agents
can suffer from goal drift, infinite loops, and
resource exhaustion, which undermine their use-
fulness in real-world settings.

— Goal drift occurs when an Al agent fails to con-
sistently pursue its original objective during
task execution and instead begins to focus
on less relevant objectives, which can result in
undesired behavior or outcomes.

— Infinite loops occur when an agent “gets stuck,”
repeatedly performing the same actions or rea-
soning steps without making progress toward
its goal.

— Resource exhaustion happens when an agent
consumes excessive computational or memory
resources due to complex processing, repeated
retries, or ineffective algorithms, resulting in
degraded performance or system failure.

o— Interoperability Most agents cannot seam-
lessly communicate with other agents or external
systems. However, in November 2024, the Model
Context Protocol (MCP), an open standard for
secure, efficient agent-to-system integration,
was introduced by Anthropic; since then, it has
been adopted by OpenAl, Google DeepMind,
Microsoft, and others. The MCP provides a
universal interface for an agent to read files,
execute functions, handle contextual prompts,
and connect with external tools, data sources,
and applications, enabling Al agents to access
real-time data and perform actions beyond their
training data.

Efficiency, Specialization, and
Synthetic Data

Progress in Al is shifting from building ever more
resource-intensive models to using resources more
efficiently. For example, because of limited supplies
of real data, synthetic data is increasingly used.
(In this context, synthetic data is artificially gener-
ated data that are designed to mimic the statistical

properties and patterns of real-world data. However,
such data do not themselves reveal anything real
about the world.)

In addition, because large models consume signifi-
cant amounts of energy, Al engineers are focusing on
models that can be constructed with fewer computa-
tional resources. For example, one approach is to do
individual calculations at a lower level of precision
(that is, using fewer bits to represent a number), thus
reducing the volume of data processed and memory
used. Individual calculations are therefore less accu-
rate, but the model is trained using a huge number
of calculations on different though similar data; aver-
aging over many such calculations can compensate
for the loss of accuracy in individual ones. A variety
of other approaches also rely on eliminating parts of
model training that may be unnecessary or redun-
dant for a given purpose.

Future Al gains will increasingly depend not just on
large compute capacity and large amounts of data
but also on domain-specific data and efficiency-
focused innovations. Quantum computing (discussed
in chapter 7, on quantum technologies) may lower
the requirements of ML for energy and compute,
although it is unclear whether such enhancements
are within reach of current technologies.®

Embodied Al

Embodied Al means Al that is able to sense and act
in the real world (e.g., through its integration into
robots or other physical devices). This has the poten-
tial to enhance robotic capabilities and expand the
range of interactions robots have with the physi-
cal world. Systems combining robots and Al could
potentially address knowledge tasks, physical tasks,
or combinations of both. (This topic is explored
further in chapter 8, on robotics.) As research pro-
gresses in Al autonomy and reasoning, embodied Al
systems may be able to handle increasingly complex
tasks with greater independence. This could lead to
applications in various fields such as logistics and
domestic assistance.
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Policy Issues

The Future of Work

Within five to ten years, more workers will have Al
integrated into their workflows or will have their jobs
replaced entirely by Al systems, a potential disrup-
tion to the job market.® LLMs have already shown
they are sometimes useful in fields like law, customer
support, coding, and journalism. These develop-
ments raise concerns about Al's significant impact
on many knowledge-based jobs and employment
overall. However, uncertainty abounds. What and
how many present-day jobs will disappear? Which
tasks could best be handled by Al? And what new
jobs might be created by the technology today and
in the future?

Some broad outlines and trends are clear.

o— Individuals whose jobs entail routine white-collar
work may be more affected than those whose
jobs require physical labor; some will experience
painful shifts in the short term.

o- Al is helping some workers to increase their
productivity and job satisfaction.® At the same
time, other workers are already losing their jobs
as Al demonstrates some competence for busi-
ness operations—despite potentially underper-
forming the humans it replaces.¥” In some cases,
companies are deciding that the cost savings of
eliminating human workers outweigh the draw-
backs of mediocre Al performance.

o Training displaced workers to be more compet-
itive in an Al-enabled economy does not solve
the problem if new jobs are not available. The
nature and extent of new roles resulting from
widespread Al deployment are not clear at this
point. However, historically, the introduction of
new technologies has not resulted in a long-term
net loss of jobs.®®

Governance and Regulation of Al

Governments around the world have been increas-
ingly focused on establishing regulations and guide-
lines for Al.

In the United States, the Trump administration
revoked the Biden administration’s Executive Order
(EO) 14110, Safe, Secure, and Trustworthy Devel-
opment and Use of Artificial Intelligence. It subse-
quently issued a new EO titled Removing Barriers to
American Leadership in Artificial Intelligence, aiming
to promote Al innovation and leadership by eliminat-
ing the restrictions and requirements on Al contained
in EO 14110. In August 2025, the administration
launched America’s Al Action Plan, which outlines
a policy road map to “accelerate innovation, build
American Al infrastructure, and lead in international
diplomacy and security.”* This plan faces challenges,
especially regarding alignment with concurrent pro-
posals to scale back broader scientific research
funding.

In addition, friction between state and federal
approaches to Al governance is growing. States are
experimenting with their own Al legislation, often
proposing requirements that go well beyond federal
guidance. Advocates view this “policy laboratory”
approach as essential for innovation in governance;
critics warn it creates a fragmented compliance land-
scape that hampers interstate commerce. Recent
state action, as described in table 1.1, underscores
the emerging rule-making patchwork.

In the European Union, the most ambitious attempts
to regulate Al came into force in August 2024 with
the EU Artificial Intelligence Act. The act forbids cer-
tain applications of Al, such as individual predictive
policing based solely on a person’s data profile or
tracking of their emotional state in the workplace
and educational institutions, unless for medical or
safety reasons.*® Additionally, it imposes a number of
requirements on high-risk Al systems and foundation
models, addressing transparency and explainability,
human oversight, cybersecurity, and robustness.

01 ARTIFICIAL INTELLIGENCE

31



TABLE 1.1 Selected states'actions regarding Al legislation

State Legislation Key provisions
Colorado Senate Bill 24-205 (Colorado Al Act) Mandates duties on developers and deployers of “high-risk”
Al systems to prevent algorithmic discrimination
Texas Texas Responsible Artificial Prohibits Al systems used for behavioral manipulation,
Intelligence Governance Act discrimination, or deployment of deepfakes
California Multiple Al bills (15+), including Targets generative Al systems and requires training data

Assembly Bill 2013

disclosure for Al systems used by Californians

To help operationalize these rules, the European
Al Office oversaw one of the earliest and most
formalized multi-stakeholder consultations in Al
policy to date: the General-Purpose Al (GPAI) Code
of Practice. Developed by thirteen independent
experts with input from nearly one thousand partici-
pants across member states, academia, civil society,
and industry, the code supplements the EU Al Act by
offering detailed provisions on transparency, copy-
right, and safety and security—giving foundation
model developers a recognized pathway to meeting
certain requirements of the EU Al Act with greater
legal clarity and reduced enforcement risk.

Other important international Al
developments include the Al Summit series. The
first Al Safety Summit, held in November 2023 at
Bletchley Park in the United Kingdom,*' issued the
Bletchley Declaration. In it, the European Union and
twenty-eight nations collectively endorsed inter-
national cooperation to manage risks associated

governance

with highly capable general-purpose Al models.
The summit also led to the establishment of the
United Kingdom's Al Safety Institute (now the UK
Al Security Institute) and the US Al Safety Institute
(now the Center for Al Standards and Innovation),
located within the National Institute of Standards
and Technology. Similar institutions have since been
established in a number of other countries, includ-
ing Japan, Singapore, South Korea, Canada, France,
Kenya, Australia, and the European Union.

The Seoul Declaration, from the Al Seoul Summit
2024, built on the Bletchley Declaration to acknowl-
edge the importance of interoperability between
national Al governance frameworks to maximize
benefits and minimize risks from advanced Al sys-
tems. In contrast, the 2025 Artificial Intelligence
Action Summit, in France, marked a notable shift
from the safety-oriented tone of earlier gatherings,
placing greater emphasis on accelerating innovation
and industrial adoption of Al.

National Security and Geopolitics

The intensifying technological race between the
United States and China regarding Al is entering
a new phase. While the United States continues to
push the technical frontier with increasingly capable
models, China is aggressively diffusing existing Al
capabilities across every sector—from education
to manufacturing to governance—aiming to lock
in large-scale network advantages at home and
abroad. China’s open-source model releases, such
as DeepSeek, further challenge America’s frontier
status, accelerate global adoption, and undermine
US containment efforts.

Infrastructure—especially compute capacity—has
become a critical, strategic global resource that is
vital to remaining competitive in economic, mili-
tary, cyber, and intelligence domains. For example,
countries like Canada and the United Kingdom have
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announced major compute infrastructure projects.*?
In the United States, the privately funded Stargate
Al infrastructure initiative was launched in January
2025. First reports suggested this would invest
as much as $500 billion over the next few years,
although a more recent report suggests a scaling
back of initial objectives.®

The United States also began piloting the National
Artificial Intelligence Research Resource (NAIRR) in
January 2024. Supported by the Trump administra-
tion, NAIRR is a federally backed initiative to give aca-
demics and civil-society researchers shared access
to advanced compute, high-quality data, and Al
tools. However, it is noteworthy that investments for
Al from high-tech companies exceeded $27 billion
in 2023 alone. This figure is far larger than the
$2.6 billion authorized for appropriation over six
years for NAIRR under the Creating Resources
for Every American To Experiment with Atrtificial
Intelligence (CREATE Al) Act of 2025.

Export Controls

Export controls are often used to slow the advances
of rivals, but open-source diffusion and break-
throughs in compute-efficient training may erode
their impact. This leaves policymakers with a strate-
gic choice: focus on restraining competitors through
export controls, or accelerate domestic innovation
and the global adoption of domestic products—or
attempt both simultaneously. Under the Biden
administration, and initially under the Trump admin-
istration, the United States has taken the export

control route. However, in August 2025 reports sug-
gested a shift, with President Trump and Chinese
President Xi Jinping considering an arrangement
allowing US chipmakers Nvidia and AMD (Advanced
Micro Devices) to sell certain chips to China in
exchange for a 15 percent revenue share to the US
government.*

Use in the Military

Al is expected to have a profound impact on militar-
ies worldwide.* Weapons systems, command and
control, logistics, acquisition, and training will all
seek to leverage Al to operate more effectively and
efficiently, at lower cost and with less risk to friendly
forces. Trying to overcome decades of institutional
inertia, the US Department of Defense is dedicat-
ing billions of dollars to institutional reforms and
research advances aimed at integrating Al into its
warfighting and war preparation strategies. Senior
military officials are concerned that failure to adapt
to the emerging opportunities and challenges pre-
sented by Al would pose significant national security
risks, particularly considering that both Russia and
China are investing heavily in Al capabilities.

Talent

The United States is eating its seed corn with respect
to the Al talent pool. Faculty at Stanford and other
universities report that the number of students study-
ing in Al who are joining industry, particularly start-
ups, is increasing at the expense of those pursuing
academic careers and contributing to foundational Al

The resources needed to train GPT-4 far exceed those

available through grants or any other sources to any

reasonably sized group of the top US research universities.
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FIGURE 1.2 Most new Al PhDs hired in North America are flocking to industry

Employment of new Al PhDs (% of total) in the United States and Canada by sector, 2010-22
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research. The United States is thus experiencing an
Al “brain drain” that does not favor the US research
enterprise or its innovation capacity (figure 1.2).

Many factors are contributing to this trend. One is
that industry careers offer compensation far exceed-
ing academic packages. Academic researchers must
also secure money for equipment, compute, and
staff, often relying on government funding that is
typically small compared to what large companies
might be willing to invest in their own researchers.
Consider, for example, that the resources needed
to build and train GPT-4 far exceed those available
through grants or any other sources to any reason-
ably sized group of the top US research universities,
let alone any single university. This gap is exacer-
bated by recent cuts in federal research funding.

Industry often makes decisions more rapidly than
government grant makers and imposes fewer regu-
lations on the conduct of research. Large companies

are also at an advantage because they have research-
supporting infrastructure in place, such as compute
facilities and data warehouses.

Finally, other nations are actively recruiting talent
that in the past tended to favor employment in the
United States. China’s recruitment of top scientific
talent, especially ethnic Chinese in the United States,
is being driven through offers of benefits such as high
salaries and generous research funding. Countries
like Canada and the United Kingdom actively recruit
US-based researchers and offer Al-focused visas. The
brain drain has been exacerbated by changes in US
immigration policy that have caused top research-
ers to leave and deterred talented international stu-
dents from studying in the United States.

Copyright

Many foundation models have been trained on vast
amounts of data found on the internet. These data
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have generally been used without the consent or
permission of their owners, and a number of lawsuits
were filed over this issue in 2023-24. They include
Getty Images v. Stability Al over alleged infringe-
ment on copyrights of photographs;* The New York
Times v. OpenAl and Microsoft over alleged use of
millions of articles published by the Times;* and Sony
Music, Universal Music Group, and Warner Records
v. Al start-ups Suno and Udio over alleged use of
protected content to train their music-generation
systems.*® Such cases have raised important questions
about appropriately compensating and acknowl-
edging data creators whose data is used to train Al
models.

At the time of this writing (September 2025), one
major copyright lawsuit against an Al company has
reached a settlement. Anthropic, an Al developer,
agreed to pay $1.5 billion to settle a class-action
suit brought by authors and publishers;* the set-
tlement was approved on a preliminary basis by
the judge overseeing the case as this publication
went to press.®® Even if it is approved, it will not
create a legal precedent because of the out-of-
court nature of the settlement. Whether the use
of publicly available web data to train Al models is
legally permissible remains, and will remain, unset-
tled across jurisdictions until more court decisions
are rendered.

Glossary

Compute: The processing power, typically mea-
sured in number of specialized chips and scale of
energy use, required to train and run Al models.

Distillation: A technique for compressing a large,
complex Al model into a smaller one that is faster and
more efficient while retaining most of its capabilities.

Generative Al/Foundation models: Large, general-
purpose Al systems trained on vast datasets that can

generate text, images, code, or other outputs and
be adapted to many downstream applications.

Inference: The stage when a trained Al model is
used to generate predictions, outputs, or decisions
in response to new inputs.

Model training: The process of teaching an Al
system by exposing it to large datasets and adjust-
ing its parameters until it can perform a given task
(or a set of tasks) effectively.

Multimodal Al: Al systems designed to process and
integrate multiple kinds of data such as text, images,
audio, or video into a single model.

Open source/Open weight/Closed source: Terms
describing how freely Al models are shared; open-
source makes training data, code, and weights
public; open-weight shares only the trained parame-
ters; and closed-source restricts access entirely.

Scaling laws: Observed patterns showing that, as Al
models are trained with more data, parameters, and
compute, their performance improves in predictable
ways but also with potentially diminishing returns
and real-world limits.

Synthetic data: Artificially generated data such as
simulated text, images, or code used to supplement
or replace real-world data for training and testing Al
systems.
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