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Abstract

Access to compute is widely viewed as a primary barrier to
AI research progress. Compute resource disparities between
academic and industry researchers is therefore a source of
concern. Yet the experiences of researchers who might en-
counter resource constraints in their work have received no
direct study. We addressed this gap by conducting a large sur-
vey of U.S. AI researchers that posed questions about project
inputs, outcomes, and challenges. Contrary to popular nar-
ratives, responses from more than 500 participants revealed
more concern about talent and data limitations than compute
access. There were few differences between academic and
industry researchers in this regard. The exception were re-
searchers who already use large amounts of compute, and ex-
pressed a need for more. These findings suggest that interven-
tions to subsidize compute without addressing the limitations
on talent and data availability reported by our respondents
might cause or exacerbate commonly cited resource inequali-
ties, with unknown impact on the future of equitable research.

Introduction
Inequitable access to compute could throw trustworthy and
innovative artificial intelligence development off balance.
Recent proposals for a National AI Research Resource
(NAIRR) in the United States stake $2.25 billion on the
belief that compute access is of paramount importance to
AI progress. However, an essential voice has been left out
of the conversation of the relative importance of data, tal-
ent, and compute in AI progress: AI researchers themselves.
Compute-heavy development advocates frequently empha-
size inequities around large “cutting-edge” deep learning
models’ compute demands, but do these barriers and com-
pute restraints reflect the concerns of a vocal minority or the
experience of the broader community of AI researchers?

Our research contributes evidence to answer these ques-
tions by asking AI researchers in the U.S. about their com-
pute usage, concern about future compute access, and the
extent to which compute—as compared to factors like data
or talent—affects their projects. We find that compute is not
the primary constraint faced by most AI researchers, and ac-
cess to data or talent more directly limits research plans and
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researcher behavior. We also find little evidence that indus-
try researchers even use significantly more compute than re-
searchers in academia or that academic researchers are more
concerned about their access to compute. Our participants’
observations regarding the concept of a NAIRR are gener-
ally supportive, especially with regard to grant funding, but
they cite concerns about ineffective implementation.

Background
Inequity in access to computing resources for AI research
is a growing concern. Previous researchers have warned
that an increased concentration of computational resources
in the hands of a few organizations, mostly industry firms
and elite universities, may decrease the overall diversity of
the field, in terms of researcher participation, topics stud-
ied (Ahmed and Wahed 2020), and worldwide involvement
(Depp 2022). Recent research has claimed that publications
from elite universities in top AI venues have crowded out
researchers from less prestigious universities since 2012, in
part due to disparities in compute access (Ahmed and Wa-
hed 2020). Indications of less diversity and increased techni-
cal concentration have been observed in the academic liter-
ature (Klinger, Mateos-Garcia, and Stathoulopoulos 2020),
and AI researchers’ career paths: the propensity of top deep
learning talents in academia to transition to industry (Ju-
rowetzki et al. 2021). Fields of study like large generative
models have a particularly high computational barrier to en-
try (Ganguli et al. 2022), although in a number of cases re-
searchers have later been able to reproduce work by industry
labs at lower cost or using fewer parameters (Izsak, Berchan-
sky, and Levy 2021; Ahdritz et al. 2022; Du et al. 2022; Ding
et al. 2022; Dey et al. 2023). Even top generative-AI labs
have suggested that expanding computational resources may
not be the path to future progress (Knight 2023).

Previous literature review (Paleyes, Urma, and Lawrence
2022) and interview studies (Merhi 2023; Westenberger,
Schuler, and Schlegel 2022; Baier, Jöhren, and Seebacher
2019; Shankar et al. 2022) have focused on AI project’s
success or failure in practice. These studies have unearthed
many barriers, both technical and non-technical (e.g., or-
ganizational buy-in, ethics, bureaucratic constraints). In the
technical realm, lack of quality data and talented practition-
ers are consistent themes. Compute resources were men-
tioned much less frequently, although the high cost of AI
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was often discussed, and these factors may be connected.
These studies focused on the use of AI tools by industry
practitioners, rather than on novel research in AI.

More general surveys and interview studies focused on
the future of the field of AI have also gathered relevant
data from AI researchers and practitioners. While these stud-
ies primarily investigated how AI will evolve (Zhang et al.
2022), some also discussed the resources needed to pursue
future work and the factors likely to drive progress. Müller
and Bostrom (2016) asked respondents what might con-
tribute most to developing high-level machine intelligence
(HLMI), such as algorithmic approaches, computing hard-
ware, and data improvements; they found some algorith-
mic approaches ranked the highest, followed by computation
and then data. Gruetzemacher, Paradice, and Lee (2019) sur-
veyed experts about the computational resources needed to
pursue future AI progress, finding that the majority predicted
a 50% or greater increase in progress with unlimited com-
pute; no comparable question was asked about data or tal-
ent. A recent survey, with full results yet unpublished, on AI
progress and HLMI included questions about how hypothet-
ical changes in the historical availability of researchers, data,
compute, funding and algorithms would have affected over-
all AI capabilities today; its final results will be informative
(Stein-Perlman, Weinstein-Raun, and Grace 2022). Industry
firm studies have focused more on AI practitioners than on
researchers; their insights remain relevant to machine learn-
ing (ML) infrastructure costs and budget growth (Algorith-
mia; Dotscience); challenges regarding training data (Di-
mensional Research); and internal compute, data, and tal-
ent decisions (McKinsey). One exception to this focus is
work describing trends in AI research, which emphasizes the
cost of compute and how it may constrain academic research
(Benaich and Hogarth 2022).

Another technique to evaluate AI resource constraints has
been to measure the cost of building state-of-the-art mod-
els. Sharir, Peleg, and Shoham (2020) consider NLP training
costs and how they are affected by a variety of model de-
sign factors, observing that these costs have increased even
as hardware costs have fallen. Similar work finds that the
amount of compute used as of 2018 in the largest AI mod-
els was increasing exponentially with a 3.4-month doubling
time (OpenAI); that compute power has been a major driver
in improvement on a variety of AI benchmarks (Thomp-
son, Ge, and Manso 2022); and that model size and compute
budget increases alone can dramatically affect model perfor-
mance (Kaplan et al. 2020). On the other hand, Hernandez
and Brown (2020) find strong evidence that AI algorithms
are growing significantly more compute-efficient, and Bar-
toldson, Kailkhura, and Blalock (2022) discuss numerous
techniques for building more compute-efficient models. The
need for these advances may exist regardless of resource
constraints, based on the work of Thompson et al. (2020),
which indicates that if compute use continues expanding
at the current pace the environmental and economic costs
will become unrealistic. More optimistically, Patterson et al.
(2022) find that alternative model architecture choices can
reduce costs and energy consumption, perhaps mitigating
these future challenges.

At this time, no studies have directly asked AI researchers
themselves about their resource constraints, or compared the
extent of those constraints among different subgroups to bet-
ter understand potential inequities. We address this gap by
applying survey research methods, asking AI researchers
about how resource constraints affect their work, and ana-
lyzing the results.

Methodology
We asked respondents about their AI projects, compute us-
age, perspectives on research resources, and opinions re-
garding the importance of various factors for AI research
progress. The survey included 30-35 close-ended questions
and one open-ended question, depending on each respon-
dent’s employment experiences and AI projects. Early ver-
sions of the survey instrument were refined through a series
of cognitive interviews with AI researchers in academia and
industry. The full instrument is available in an online ap-
pendix 1. The study was approved by the Georgetown Uni-
versity IRB, and granted exemption signifying the research
activities were of minimal risk to participants. Participants
were prompted to indicate consent, which described the pur-
pose of the research, any risks, and how data would be col-
lected and reported anonymously.

We created a sampling frame by enumerating individuals
who authored a paper at a top AI conference or journal, or
worked in industry in an AI-related role. We identified au-
thors of papers in 20 leading AI journals or conferences be-
tween 2016 and 2021 using Web of Science (see appendix
for the list). This resulted in 27,172 authors with email con-
tact information who were affiliated with a U.S. institution at
the time of paper publication. Second, we identified indus-
try AI researchers using LinkedIn data from Revelio Labs.
We looked for LinkedIn users who 1) reported working as
a ML or AI engineer (or similar), or 2) identified their em-
ployer as one of 46 AI startups2 and their role as technical
(see appendix for included job titles). We randomly selected
roughly 5,000 profiles that met this criteria and used Rocke-
tReach, an email sourcing vendor, alongside manual search-
ing to identify emails for 3,894 industry AI researchers.

In total, we received 410 complete responses and 123 par-
tially complete responses, which were also included. We
screened respondents at the start of the survey to ensure that
they “build, develop, study, or maintain” AI systems “at least
some of the time.” Three pilot versions of the survey were
sent to random samples of 500 identified AI researchers in
late spring 2022. We used these pilot surveys to estimate a
likely response rate and evaluate response options; we made
no substantive changes to the final instrument. Primary sur-
vey distribution occurred in June 2022, with a follow-up
in July 2022 to 50 researchers who previously had invalid
emails. Responses from the pilot and follow-up distributions
are included in the analysis. The median survey response
time was eight minutes.

1Available at https://github.com/georgetown-cset/
Compute Survey 2022

2We drew the companies from a 2021 CB Insights report, “The
United States of Artificial Intelligence Startups.”
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Results
Of our 410 complete responses, 274 (67%) report working
in academia, 120 (29%) in industry, and 14 (3%) in gov-
ernment. Among respondents who reported working in in-
dustry, 84 reported working for a company with over 500
employees, nine reported a company size of 101-500, nine
reported a company size of 50-100, and 17 reported a com-
pany size of fewer than 50 employees.

To help understand our sample of academic respondents,
we looked at the email domains for all AI researchers who
were invited, started, or completed the survey. That set in-
cluded 423 “.edu” email domains: 147 (35%) from a top
50 university, 115 (27%) from a university ranked 51–200,
134 (32%) from a university ranked below 200, and 27
(6%) from unranked universities, according to QS World
University Rankings (QS Top Universities). This suggests
our sample includes researchers working in a variety of
academic institutions. Respondents were also asked to in-
dicate which fields they worked in. Top-level nonexclu-
sive options were computer vision (n = 151), natural lan-
guage processing (n = 143), reinforcement learning (n =
80), robotics (n = 72), and other (n = 160). A larger share
of academics report working in robotics and reinforcement
learning, while among industry respondents, a large share
report working in natural language processing. Full break-
downs of the number of respondents by field, subfield,
and sector can be found in the GitHub repository (https:
//github.com/georgetown-cset/Compute Survey 2022). Ap-
pendix contains comparisons between subfields across each
of the five top-level categories.

Compute Is Not the Primary Constraint for Many
AI Researchers
To understand how AI researchers see compute as a driving
or constraining resource, we asked a variety of questions,
prompting respondents to indicate the relative importance
of compute, data, and talent for their projects, their resource
priorities given a larger budget, how often resources altered
project plans, and the importance of compute in driving AI
progress to date and in the future.

Finding 1.1. Researchers Report Talent As the Primary
Factor Contributing to the Success of Their Most Sig-
nificant Projects and Most Researchers Would Priori-
tize Talent if Given More Funding. To evaluate resource
constraints, we asked respondents about two projects they
worked on in the previous five years: the one they be-
lieved made the “most significant contribution” to research
progress in their field, and their “most compute-intensive”
project. For 67% of respondents these were the same project;
despite this, we found researchers rate talent as more impor-
tant to their most significant project’s success. 90% of re-
spondents rated “specialized knowledge, talent, or skills” as
very or extremely important for said project’s success, com-
pared to 52% rating “large amounts of compute” as similarly
important (see Figure 1). A similar proportion (51%) rated
“unique data” as very or extremely important. This ques-
tion asked respondents to rate each factor independently, but
other questions asked respondents to compare compute to

Figure 1: Percent of respondents viewing factors as impor-
tant for project success

Figure 2: Percent of respondents selecting factors as their
top budget priority

other factors, and talent again surfaced as an important re-
source.

To assess how researchers prioritize resources, we asked
them to imagine the budget for their current or most re-
cent AI project doubled: what would their first spending
priority be? Roughly half (52%) said that they would first
spend the additional money on either “hiring researchers”
or “hiring more programmers or engineers,” which we dis-
play together in Figure 2 under “Talent.” About a fifth of
researchers would make “purchasing more or higher-quality
compute” their first priority and a similar share would first
use the funds to collect or clean data.

Finding 1.2. When Researchers Are Forced To Change
Their Research Plans, It Is More Often Due to Talent or
Data Limitations Than Compute Limitations. One in-
dication that a resource is a constraint on progress is that in-
sufficient access to that factor affects research plans. To ex-
plore this possibility, we asked how often over the past two
years respondents rejected, revised, and abandoned an ongo-
ing project due to insufficient compute, data, and researcher
availability. The mean responses on a five-point Likert scale
are shown in Figure 3.

Researchers report rejecting and abandoning projects due
to a lack of data or researcher availability more often than
from insufficient compute resources. Researchers also report
revising ongoing projects more often due to data constraints
(but not a lack of researcher availability), as compared to a
lack of compute resources. All pairwise comparisons were
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Figure 3: Rates at which respondents change research plans
due to various factors

made using Mann-Whitney U tests with the Bonferroni cor-
rection. Differences between compute and data were signif-
icant for rejecting, revising, and abandoning projects (all
p < .001). Differences between compute and researcher
availability were significant for rejecting and abandoning
projects (both p < .001) but not for revising projects (p =
.773). Differences between data and researcher availability
were significant for revising projects (p = .038) but not for
rejecting (p = 1.0) or abandoning projects (p = .497).

While constraints from data and talent are more often re-
ported as reasons for rejecting or abandoning a project, 76%
of respondents report revising projects due to insufficient
compute at least “sometimes” over the last two years. How-
ever, 43% of respondents report never rejecting a project due
to insufficient compute, indicating that some subset of AI re-
searchers are able to pursue the research they want at their
current level of compute resourcing.

Finding 1.3 Most Respondents Think Computing’s Role
in Driving AI Progress Will Stay the Same or Decrease
in the Next Decade, Compared to the Past Decade. To

Factor

% Strongly agree AI
progress was or will
result from this factor Difference
Past
decade

Next
decade

Better
algorithms

31% 53% +22%*

Greater
support for
AI projects

33% 42% +9%

More
researchers
in the field

32% 35% +3%

More or
better data

47% 44% -3%

More
compute

59% 40% -19%*

Table 1: Perceived importance of factors for AI progress3

evaluate compute’s relative value in past and future progress,
we asked respondents for their level of agreement with the
claim that progress in AI over the past decade was the result
of five different factors: data, compute, algorithms, number
of researchers, and level of support for AI projects. Respon-
dents agreed that each factor contributed to past AI progress,
with 59%, the highest level of agreement, attributing past
success to compute.

Fewer respondents (40%) strongly agreed that compute
would be a driver of AI progress over the next decade. The
largest gap between retrospective and prospective evalua-
tions among the factors was with better algorithms, which
31% strongly agreed had driven past AI progress, but 53%
strongly agreed would drive future progress. Table 1 shows
the change in strong agreement for each factor’s influence
on past and future AI progress.

Reported Compute Use Is Similar for Industry and
Academia
To examine differences in compute use and needs be-
tween academic and industry researchers, we break down
responses to various questions according to the respondent’s
reported employment in academia or industry; government
researchers were omitted due to sample size.

Finding 2.1. Academics Report Paying Less for Com-
pute but Do Not Report Significantly Less Compute Use.
To understand the variability in industry and academia re-
searchers’ maximum compute access and need level, we
asked several questions about the most compute-intensive
AI project that they had worked on in the preceding five

3Asterisks indicate statistically significant differences (p <
.001) in response distribution for a factor over the last decade com-
pared with response distribution for that factor over the next decade
using a Mann-Whitney U test with Bonferroni correction.
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years. When asked how expensive the compute required by
this project was, academics reported spending significantly
less (p < .001 by a Mann-Whitney U test) than industry re-
searchers. This finding is consistent with the narrative that
the compute capabilities of industry researchers are rapidly
outpacing those of their academic counterparts. When asked
about compute use for this project in terms of GPU-hours,
however, we observe no meaningful difference (p = .200).
See appendix for two ordinal logistic regression models pro-
viding further analysis.

While we find no reported difference in compute use, as
measured by GPU-hours, for their most significant project,
this does not capture all possible differences in compute
access between industry and academic researchers. For in-
stance, one possibility not covered here is that academics
may be using cheaper—and lower-performing—GPUs than
those used in industry. We nonetheless regard GPU-hours
as the better measure for compute use for several reasons.
First, 332 respondents provided information about GPU-
hours, compared to only 261 respondents for cost.4 While
some might argue dollars are the more salient metric, the
fact that more researchers are able to report GPU-hours than
dollars suggests this may not be the case.

Second, some researchers who use on-premise compute -
which has already been paid for - may report “$0” and sig-
nificantly (p < .001 by a chi-squared test of independence)
more on-premise users are academics, at 82% (46% exclu-
sively) as compared to only 52% (22% exclusively) of in-
dustry researchers. Third, cloud computing companies often
provide access to compute resources at discounted rates for
academics. Combined, these factors make monetary cost a
less reliable measure of compute use across sectors.

Finding 2.2. Academics Report Compute Needs Have
Outpaced Availability but Are Not Significantly More
Concerned About Future Access Impacting Their Con-
tributions to AI. We then directly asked respondents how
much compute they need and how much they have access to,
relative to two years ago; results are shown in Figure 4. We
observe a significantly (p = .004, by a chi-squared test of in-
dependence) greater proportion of respondents in academia,
as compared to industry, report that their change in compute
needs has exceeded their change in compute access. This
suggests academic research is likely to be increasingly con-
strained, compared to industry research, as compute needs
increase. However, when we asked respondents how con-
cerned they were that a lack of compute resources would
be an obstacle to their AI contributions in the next decade,
responses reveal little difference in concern. Figure 4 com-
pares responses across academia and industry. Academics
were slightly more likely to report being “moderately” or
“extremely” concerned, but those differences are not signif-
icant. Ultimately, we find some support for a growing gap in
compute access between academia and industry but no sup-
port for a higher level of concern among academics.

4Note that 18% of industry researchers and 9% of academics
did not report compute use by either metric.

Figure 4: Respondent concern over future compute access
by sector

Figure 5: Mean level of concern over future compute by
compute use and sector5

Finding 2.3. Higher Compute Use Correlates With Be-
ing More Concerned About Compute. Interesting trends
emerge in the relationship between current compute use
and future concerns. Figure 5 shows respondents’ level of
concern about insufficient compute to contribute meaning-
fully to future AI research against reported GPU hours
for their most compute-intensive project. Respondents who
used higher amounts of compute express significantly more
concern about having sufficient compute to contribute to re-
search in the future. (Differences between sectors are not
significant; see appendix). Academics at the upper end of
the compute use range expressed the greatest concern of any
group. We also find that higher reported compute use is pos-
itively correlated with changing project plans due to lack of
compute; considering compute an important factor in leav-
ing academia; and agreeing that compute was a driver of AI
progress over the last decade and will continue to be over
the next decade (see appendix for details).

One explanation is that researchers’ current level of com-
pute use is influenced by self-selection: Researchers choose

5Note that the two lowest responses (no GPU-hours and < 50
GPU-hours) and the two highest responses (50,001-500,000 GPU-
hours and more than 500,000 GPU-hours) are combined due to
small sample sizes at the extreme ends of the range for GPU-hours.
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to pursue work in more computationally-intensive areas or to
adopt particularly computationally-intensive research meth-
ods. This self-selection could then shape levels of concern
and tendencies to revise research based on compute access.
But this might also mean that researchers who already use a
lot of compute would be the most motivated to seek out and
make use of new compute resources. In this case, attempts
to provide more compute to researchers broadly could in-
crease any existing divides between high-compute users and
low-compute users.

Researchers Have a Range of Opinions About
a National AI Research Resource

To increase understanding of how government could address
resource gaps or inequities, and better pinpoint resource pri-
oritization, we asked them to select among five resources
they would find useful for the government to provide. Re-
spondents most often selected grant funding (n = 325), fol-
lowed by government compute resources (n = 268), then
data (n = 238) and technical staff (n = 148). A possible ex-
planation for the interest in compute, despite our finding that
data and talent constrain researchers more often, is that re-
searchers prefer flexibility when offered resources directly.
Grants can be used for a wide range of purposes, while com-
pute resources may be expended on any computation. Tech-
nical support staff could mean outside non-vetted workers,
and guidelines, standards, and frameworks (n = 124) may
not directly contribute to project completion.

We then invited respondents to share thoughts about the
creation of national AI research resources, and received 85
responses. Most responses focused on the five resources
from the preceding question, but many also offered broader
suggestions about implementing government-led initiatives
to support AI researchers. We engaged in focused coding
and comparison methods to analyze responses. After ini-
tial evaluation, two team members independently coded re-
sponses using thematic analysis (Braun and Clarke 2006).
We collated themes to build a final thematic codebook. We
do not report agreement metrics as both researchers coded
all responses and resolved any discrepancies.

Compute and Data Resources
Of the 85 respondents discussing government AI resources,
38 mentioned compute. A majority addressed the potential
utility of compute resources to AI research: “papers are often
rejected on the grounds of limited experiments, which were
in fact limited because of a lack of compute.” Many respon-
dents highlighted perceived gaps between academia and in-
dustry, with one stating “[t]he amount of compute resources”
in academia “is multiple orders of magnitude smaller than”
at large tech firms. Multiple respondents mentioned this gap
as a concern, with one also mentioning a resource gap be-
tween start-ups and large tech firms. One respondent pointed
out that they have found other options: “I’d love to have
compute resources, [...] but I’m intentionally choosing the
projects where I’m not blocked by these things—and there
are several lifetimes worth of projects in these areas.”

However, eight respondents expressed doubt about pursu-
ing a compute-intensive approach for national AI resources,
suggesting compute might not actually enable that much
research progress, and that “there’s a ton of research that
could be done on much smaller scales,” or worrying it would
not address existing research gaps since “not many efforts
have been spent in understanding why [...] progress has been
driven by computationally heavy research.” Finally, five re-
spondents were skeptical that government compute would
remain accessible, supported, and cutting-edge as technol-
ogy improves.

Seventeen respondents discussed data and accessibility,
including the need for open, accessible datasets and related
resources (e.g., source code, models, etc.) and the need for
greater access to data to advance AI. Multiple respondents
noted the need for diverse and accessible data sets, with
one observing that “we need better privacy laws in gen-
eral, but we also need much more personal human data
available to researchers to make progress toward human-
centered technologies.” While a relatively small number of
respondents specifically mentioned data issues in their an-
swers, most of these answers emphasized difficulties access-
ing well-cleaned, curated, and maintained datasets.

Talent, Workforce Development, and Grants
Among 23 responses who brought up talent and work-
force, many emphasized structural problems. One respon-
dent noted that difficulties faced by foreign PhDs limit
the US AI workforce: “Foreign students complete amazing
work on their PhDs and then struggle to continue after grad-
uation.” Another observed that academics moving to indus-
try creates risks of “state-of-the-art AI [becoming] monop-
olized and controlled by a small number of corporate enti-
ties.” Several respondents were explicit that they prioritize
workforce development initiatives, such as upskilling, over
compute. One respondent noting “I want my tax dollars to
fund 30-40 year investments in PEOPLE, not 3-5 year in-
vestments in hardware,” while another explained that they
needed “somebody who can help design and think through a
data collection and labeling process” and “bridge the com-
munication and knowledge gap with ML researchers.”

Twenty-five respondents offered feedback on grants and
their allocation. A common viewpoint was exemplified by
one respondent’s comment that “grant funding would be
more useful than compute resources.” One justification of
this view was that, “government is generally bad at predict-
ing what resources will be needed. I think it’s better to give
funding and let the users themselves determine what they
need.” Nine respondents encouraged further investment into
particular areas in computer science. Some research topics
included, “‘small-data’ algorithms that may have better uti-
lization across the world” or “AI research that produces pub-
lic goods like the prevention of catastrophes.”

A few respondents noted a need for supplemental tech-
nical staff support to ensure accessibility of national AI
research resources, rooted in the concern that compute
resources would, while potentially providing value, have
a learning and transition cost. One respondent explained,
“Compute resources are not standardized enough at this
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point when it comes to AI” so switching to them would
require “technical staff who can manage the transition and
guide development.”

Guidelines, Standards, and Frameworks
Of 27 respondents who discussed guidelines, standards, or
frameworks, twelve mentioned technical standards, open
source tools, and evaluation. One respondent requested
“testbeds that can evaluate interactive AI systems with a di-
verse pool of human users in realistic settings,” while an-
other wanted “specific ambitious challenges, with well de-
fined metrics.” Some respondents mentioned specific tools
like “open source and pre-trained GPT3 and DALL-E.” or
encouraged the federal government to provide “open source
code and software libraries” to help close the academia-
industry research gap.

Another eight respondents discussed the need for ethical
or legal frameworks for developing, using, and evaluating
AI systems, often expressing a desire to see the govern-
ment, “enforce standards around ETHICS in AI.” Respon-
dents noted a need for legal guidelines for AI, with one stat-
ing, “the government [...] should have an agency responsible
for adapting human rules to AI.” Some researchers proposed
working within existing government structures to meet this
need, such as “scal[ing] up NIST and help[ing] them get
their message, skills, and tools out into the world.”

General Suggestions
Fifty-one respondents commented on funding and provi-
sioning, resource distribution, and suggested limitations of a
government AI resource. Respondents highlighted the value
of reaching out to a diverse set of researchers to support in-
clusive AI research. One respondent stated that not more
researchers, “but more diversity of researchers could help
advance the field.” Multiple respondents emphasized that
government-provided resources should provide “support to
a wide variety of [researchers] in place of just supporting
the big or known personnels.” Some respondents weighed in
on how the government should approach AI issues broadly,
with one noting “it’s important to create a task force related
to finding and restricting those who come across strong AI.”

These free responses offer insight into the broad diversity
of perspectives from AI researchers on government provi-
sion of AI research resources. Most who provided responses
welcome more government involvement in AI research, al-
though some expressed skepticism about the government’s
capability to provide useful resources. While many did un-
derscore the potential value of compute resources, others
emphasized that they viewed workforce development as a
higher priority, or suggested that simply scaling up com-
pute resources will not reliably generate breakthroughs. And
among those who gave specific recommendations on the
implementation of government resources, the most com-
mon theme was to underscore the importance of making re-
sources accessible and equitable.

Future Work and Limitations
Examining the compute needs of AI researchers provides a
broad understanding of the field and its requirements. Our

results highlight variation in compute use and prioritization;
groups with unique needs or preferences include high com-
pute users, language modelers, AI startup employees, and
academics who rely solely on cloud computing. Given small
sample sizes, we cannot draw strong conclusions about these
groups; future work could focus on these researchers in par-
ticular, in order to better understand their requirements.

This paper focuses on disparities in compute needs be-
tween academia and industry, and across different AI sub-
fields. Its scope is limited to research within the United
States, in order to speak to salient national policy questions.
While our respondents are drawn from a range of academic
institutions, further work might assess differences in com-
pute access and its implications among highly-resourced in-
stitutions and those with lower research budgets.

Finally, this paper’s focus is on AI research, not AI prac-
titioners, motivated by the impact of resource constraints on
AI progress. The question of how compute access influences
downstream applications of AI remains unaddressed.

Conclusions

Our survey results show that researchers do not find them-
selves primarily or exclusively constrained by compute ac-
cess. More respondents report talent as an important factor
for project success, a higher funding priority, and a limiting
factor in project selection. Data availability is a more com-
mon reason for avoiding projects than insufficient compute.

There are few differences between academic and indus-
try AI researchers in their compute use and concerns. While
academic researchers report spending less money than in-
dustry researchers on compute, they report similar GPU-
hour levels. Both groups report similar concern about insuf-
ficient compute allowing them to make meaningful contribu-
tions to AI research in the future. Academics are more likely
to report that changes in their need for compute outpace
changes in their ability to access compute, but academics
are not more concerned than industry researchers that a lack
of compute access will constrain their ability to contribute to
future AI research. We found that heavy compute users are
more likely to want additional compute than low compute
users. Our respondents indicated that when it comes to gov-
ernment resources, they would be more receptive to compute
than government-curated data or technical staff, though they
would generally prefer grant funding to compute resources.

More researchers strongly agreed that compute was a ma-
jor driver of the last decade of AI progress than they did
other factors. But larger proportions expected most other
factors we asked about to be greater drivers of the next
decade of AI progress. Respondents also reported adjusting
their research plans due to lack of data or talent more often
than lack of compute. Certain types of AI research, most
notably large “foundation models,” are highly compute-
intensive, and progress towards more generalizable models
is presently constrained by compute. But our results suggest
these issues affect a small minority of AI researchers, and
for most, talent is a greater constraint than compute.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

19846



Acknowledgments
For her contributions to the design and distribution of the
survey, we would like to thank Tina Huang. For their care-
ful review, thoughtful comments, and constructive feedback,
we are deeply grateful to Catherine Aiken, Autumn Toney,
Drew Lohn, and many other colleagues.

References
Ahdritz, G.; Bouatta, N.; Kadyan, S.; Xia, Q.; Gerecke, W.;
O’Donnell, T. J.; Berenberg, D.; Fisk, I.; Zanichelli, N.;
Zhang, B.; et al. 2022. OpenFold: Retraining AlphaFold2
yields new insights into its learning mechanisms and capac-
ity for generalization. bioRxiv preprint 2022.11.20.517210.
Ahmed, N.; and Wahed, M. 2020. The de-democratization
of AI: Deep learning and the compute divide in artificial in-
telligence research. arXiv preprint arXiv:2010.15581.
Algorithmia. 2020. 2021 enterprise trends in machine learn-
ing.
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