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Abstract

In December 2024, we ran a survey about the future of AI, reaching 1,580 researchers internationally
who had published at any of six leading artificial intelligence (AI) venues, corresponding to a 10%
response rate. Respondents expressed substantial uncertainty about AI’s consequences and timelines.
This was the fourth iteration of the Expert Survey on Progress in AI extending a survey series
that began in 2016. Significantly, timelines to human-level AI performance have shortened markedly
between iterations of the survey, while researchers’ deep concerns around the consequences of advanced
AI have persisted or grown. In this survey, researchers assigned an 18% chance on average of future
AI advances causing human extinction or similarly permanent and severe disempowerment of the
species, and most researchers assigned at least a 10% chance to such outcomes. 72% favored greater
prioritization of research aimed at minimizing AI risks. Among eleven different risks, researchers
would direct the most concern toward AI making it easy to spread false information such as deepfakes,
with 83% saying that deserved substantial or extreme concern over the next thirty years. Large
majorities also said such concern is warranted by AI systems manipulating large-scale public opinion,
AI enabling dangerous groups to develop powerful tools such as engineered viruses, authoritarian
rulers using AI to control their populations, and AI worsening economic inequality.

1 Introduction
We report on the fourth iteration of the Expert Survey on Progress in AI (ESPAI): a survey that has
been run periodically since 2016 with minimal modifications (Grace et al., 2018; Stein-Perlman et al.,
2022; Grace et al., 2025). To our knowledge, this is the longest-running series of surveys of AI researchers,
and the previous iteration, conducted in 2023, was the largest peer-reviewed survey of AI researchers
ever (Grace et al., 2025). The surveys have been widely cited, including by TIME, Nature Briefing, The
New York Times and The Economist (AI Impacts, 2024).

Previous iterations of the survey found highly uncertain timelines for human-level AI performance. We
operationalize human-level AI performance in two ways—‘high-level machine intelligence’ (HLMI) and
‘full automation of labor’ (FAOL)—and the mean aggregate forecasts for both have assigned non-negligible
probabilities to them occurring within ten years, and to them not having occurred within two centuries.

Across the survey series, timelines to human-level performance have repeatedly shortened faster than
the passage of time. For instance, in the mean aggregate forecast, the year by which HLMI has a 50%
chance of arriving moved up from 2061 in 2016 to 20591 (2022), 2047 (2023), and 2042 (2024). Over the
course of eight years, the forecast horizon shrank from 45 years out to 18, getting about 3.4 years closer
for each year that passed.

1Reported as 2060 in 2023; small changes to code and data cleaning between surveys shifted the aggregate slightly.
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Meanwhile, the profile of perceived risks has remained stable. Since 2016, the median participant has
placed a 5% chance on extremely bad long-run impacts on humanity if HLMI is built. And since 2022
(when we added the questions), the median participant has put at least 5% on human extinction or
similarly permanent and severe disempowerment. In this survey, the median chance given to extinction or
similar disempowerment in some form was 10%, with chances shifting slightly upward since the previous
survey across the distribution (see Figure 1b).

Since the first survey in 2016, AI has gone from a relatively niche topic to powering the most valuable
companies in the world. Public discussion of concerns about risk from AI has also exploded. In 2016
the non-negligible chances given to extremely negative impacts from advanced AI were a surprising
finding, whereas by 2024 many highly prominent AI researchers had publicly signed the Center for AI
Safety’s Statement on AI Risk, stating, “Mitigating the risk of extinction from AI should be a global
priority alongside other societal-scale risks such as pandemics and nuclear war” (Center for AI Safety,
2023). So substantial concerns about AI risks among AI researchers are no longer so surprising, but they
remain alarming, and this survey serves as evidence that these concerns are shared by a majority of AI
researchers, not just a prominent minority.

At the same time, human-level AI, AI risks, and the risk of human extinction in particular remain
somewhat controversial among researchers. For this reason, over the years this survey has taken particular
care to reduce non-response bias and to assess the available evidence about whether non-response bias is
likely to explain our principal qualitative findings, discussed in Appendix A.
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Figure 1: Notable results: a) forecast time to human-level AI performance continues to fall many
years per year; b) 51% of researchers assign at least a 10% chance to human extinction or
similarly permanent and severe disempowerment from advanced AI, with perceived risk inching
upward since the last survey. a) Each line represents a mean aggregate forecast for one of two framings of
human-level AI performance in one of four surveys. See Section 3.2 for more details. b) Each vertical slice shows
one respondent’s probability of extinction or similarly permanent and severe disempowerment, with or without
further conditions, with participants sorted by increasing pessimism. See Section 3.9 for further details.
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2 Methods
We largely followed the 2023 survey’s data collection and analysis methods. The differences are listed in
Appendix B.

2.1 Recruitment

In December 2024, we recruited participants who had published in 2023 at any of the following six
top-tier AI venues:

• Conference on Neural Information Processing Systems (NeurIPS)

• International Conference on Machine Learning (ICML)

• International Conference on Learning Representations (ICLR)

• Association for the Advancement of Artificial Intelligence Conference on Artificial Intelligence
(AAAI)

• Journal of Machine Learning Research (JMLR)

• International Joint Conference on Artificial Intelligence (IJCAI)

We sent emails to 19,874 addresses2 and received 2,052 complete or partial responses for a response rate
of 10%. We included submissions with at least one answered question; submissions that did not reach
the final question were classified as partial.

After fielding the survey, we discovered that our collection process had erroneously included people
outside of the intended group (mostly researchers publishing in workshops or venues connected with the
intended venues). We thus excluded these participants from the main analysis. This left us with 1,580
respondents for the main analysis, with 1,502 reaching the final question and 78 dropping out earlier.

We collected the responses through the Qualtrics survey platform. The time frame for submitting
responses was between December 9, 2024 and December 24, 2024. Participants were offered a choice
between gift cards for $50 worth of purchases, money, or charitable donations.3

2.2 Question types

The full text of the survey is available in Appendix C.

Most primary questions in the survey solicited responses in one of three ways: on an ordered rating scale
(see Figure 2); as a probability estimate; or as an estimate of a future year. A smaller number of primary
questions asked for write-in responses or numerical estimates. For most primary questions, a random
subset of participants received secondary questions asking for optional write-in responses about their
interpretation of the question and which considerations were important in their answer.

2.3 Definitions and phrasing

As in 2023, we provided the following clarifications for ambiguous terms:
2Excluding those that bounced or were recognized by the survey platform as having failed before that, but including

those that possibly weren’t received due to spam filters for instance. Our understanding is that failed emails could include
those of people who have previously unsubscribed from receiving emails from us with Qualtrics, and therefore might not be
an arbitrary subset with respect to opinion on the survey.

3Available options differed by the participant’s country, with a small number of participants from certain countries
unable to receive any reward due to regulation.
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Figure 2: A survey excerpt illustrating an ordered rating scale.

• High-level machine intelligence (HLMI) was described as occurring “when unaided machines can
accomplish every task better and more cheaply than human workers. Ignore aspects of tasks for
which being a human is intrinsically advantageous, e.g. being accepted as a jury member. Think
feasibility, not adoption.”

• An occupation was described as fully automatable “when unaided machines can accomplish it
better and more cheaply than human workers. Ignore aspects of occupations for which being a
human is intrinsically advantageous, e.g. being accepted as a jury member. Think feasibility, not
adoption.”

• Correspondingly, full automation of labor (FAOL) was described as occurring “when all occupations
are fully automatable. That is, when for any occupation, machines could be built to carry out the
task better and more cheaply than human workers.”

• AI safety research was described as “any AI-related research that, rather than being primarily
aimed at improving the capabilities of AI systems, is instead primarily aimed at minimizing
potential risks of AI systems (beyond what is already accomplished for those goals by increasing
AI system capabilities).” Examples given for what AI safety research might include were:

– Improving the human-interpretability of machine learning algorithms for the purpose of
improving the safety and robustness of AI systems, not focused on improving AI capabilities

– Research on long-term existential risks from AI systems

– AI-specific formal verification research

– Developing methodologies to identify, measure, and mitigate biases in AI models to ensure
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fair and ethical decision-making.4

– Policy research about how to maximize the public benefits of AI

2.4 Framing effects

The way a question is framed can greatly influence the response (Tversky and Kahneman, 1981). To
measure and control for framing effects, we posed different versions of several questions on the same
topics to different randomized subsets of respondents.

All questions about how soon a milestone would be reached were framed in two ways: half of respondents
were asked to estimate the probability that a milestone would be reached by a given year (“fixed-years
framing”), while the other half were asked the year by which they estimated that the milestone would
be reached with a specific probability (“fixed-probabilities framing”). To minimize confusion, each
participant received the same framing throughout the survey. We have observed consistently different
results from these framings across all editions of this survey, with the fixed-years framing producing
generally later predictions.

Other topics with questions utilizing different framings include human-level AI, productivity gains from
AI, and catastrophic outcomes.

A comparison of framing effects for key questions about human-level AI performance is in Appendix D.

2.5 Randomization of question blocks

In order to limit the length of the survey for each respondent, we randomly assigned participants to
receive different subsets of the questions. They received both different blocks of related questions and
sometimes different questions within a block. Figure 3 shows a schematic diagram of the randomization
process.

4Half of respondents shown this definition received the additional AI-ethics example; half did not. A version with it
was added to address a concern that the absence of examples from the field of AI ethics within this set of examples might
suggest that it was intentionally excluded (then two versions were retained, to allow for continuity of comparison over time).
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Figure 3: Randomized flow of participants through the survey. Participants move from top to bottom,
receiving one block of questions from among those in each horizontal set. Percentages indicate the chance of a
participant receiving each block. Some blocks contain further randomization of primary questions within them that
isn’t shown, and most contain randomized insertion of secondary follow-up questions. Figures given for n are the
number of valid responses to the question.
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2.6 Data cleaning

Our data cleaning was similar, but not identical, to that for the previous survey (Grace et al., 2025).

One substantial element was dealing with non-numeric answers given to quantitative questions (e.g.
‘infinity’, ‘ten to twenty years’), since in most cases we allowed non-numeric inputs. We often converted
those to numeric answers, where a clear interpretation was available and a programmatic parsing rule
could handle that response format (e.g. changing ‘~40’ to ‘40’), but excluded those that were too
ambiguous or in a format our rules didn’t cover. We converted answers such as ‘never’ and ‘infinite’ to
100 million years, to include them in analysis with approximately the intended implications (near-zero
probability at every point within the coming centuries).

We removed 331 question responses across 111 participants where an event was given a higher probability
of having occurred by an earlier date than by a later date. In most of these cases (243), the probabilities
given at the three time horizons also added to 100%, suggesting these participants’ misunderstanding of
the question involved treating the probabilities as shares that must total 100%, rather than as cumulative
probabilities at each time horizon. We further removed 37 responses that added to 100% but were not
descending, where the participant had another answer that added to 100% and was descending, implying
this type of misunderstanding. We retained 113 question responses that summed to 100% but where
misunderstanding could not be confirmed via descending probabilities.

2.7 Analysis of timeline responses

We combined responses from fixed-years and fixed-probabilities framings described in Section 2.4 using
gamma5 mixture CDF aggregation, following the methodology of the 2023 survey report (Grace et al.,
2025). This means we fit a gamma CDF to each respondent’s three data points (where valid and
indicating timelines in the future), then, at each time point, took both the arithmetic mean and the
median of the fitted cumulative probabilities, producing a mean aggregate CDF and a median aggregate
CDF from which to read percentiles.6

This approach permits extrapolation beyond the elicited horizons, and respondents expecting very late AI
developments remain represented through fitted CDFs with long right tails rather than being dropped. It
also treats both question framings symmetrically. Appendix E compares alternate aggregation methods.

Our approach does not permit including negative numbers of years in the aggregate, which is the natural
way for participants to indicate that they think a milestone has already become feasible for AI. Thus our
forecasts are made for the subset of people who say a level of AI performance is yet to become feasible.
In this survey, this makes little difference, as only one person tried to enter negative numbers of years.

3 Results
We outline a selection of key results from the survey.

3.1 Time until tasks can be automated

All participants were assigned task-forecast questions, in one of the two framings as described in Section
2.4. Participants in the fixed-probabilities framing saw the following wording:

How many years until you think the following AI tasks will be feasible with:
5A gamma distribution is a flexible, right-skewed probability distribution over positive values. Here, it is used as a

smooth parametric approximation to each respondent’s implied distribution over the timing of AI development.
6Small code changes between surveys sometimes shift the fitted curves slightly.
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• a small chance (10%)?

• an even chance (50%)?

• a high chance (90%)?

Let a task be 'feasible' if one of the best resourced labs could implement it in less than a
year if they chose to. Ignore the question of whether they would choose to.

Participants in the fixed-years framing were instead asked how likely each task was to be feasible within
10, 20, and 50 years.

We then gave each participant a random four out of 39 task descriptions (per task, n=111-167, pooling
both framings and aggregated as described in Section 2.7). Full descriptions of the tasks are available
online: https://tinyurl.com/aitasks. Here are four example tasks:

“Given a one-sentence description of the task, download and finetune an existing open source
LLM, without more input from humans. The fine-tune must improve the performance of the
LLM on some predetermined benchmark metric.”

“Routinely and autonomously prove mathematical theorems that are publishable in top
mathematics journals today, including generating the theorems to prove.”

“Fold laundry as well and as fast as the median human clothing store employee.”

“Given a one-sentence description of the task and given the same information you would give
a human to perform this task (such as information about the house), physically install the
electrical wiring in a new home, without more input from humans.”

Figure 4 shows mean aggregate forecasts for when these 39 tasks will become feasible with AI, alongside
forecasts for the four occupations discussed in Section 3.2 and for HLMI and FAOL, all generated using
the method described in Section 2.7 above. (Task labels are not full descriptions as seen by participants;
these are linked in Appendix C.) Appendix F lists the years assigned 10%, 50%, and 90% probability for
the 39 tasks.

Of the 39 tasks, 34 were forecast to have a roughly even chance of becoming feasible within 10 years (by
2034). These included independently building a payment processing site, generating fiction worthy of
The New York Times Best Seller list, generating songs worthy of the US Top 40, providing high-quality
phone banking services, independently fine-tuning open-source LLMs, adeptly folding laundry, replicating
machine learning research, and racing through a city as a bipedal robot.

The five with later dates were all within mathematics, science, or engineering domains: discovering
physics equations from simulation (2035), conducting ML research and writing a conference paper (2036),
routinely generating and proving publishable math theorems (2039), installing electrical wiring in a new
home (2040), and solving a long-standing math problem without human input, e.g., a Millennium Prize
Problem (2053)7.

According to forecasts, most tasks could also happen very soon: for all but one task, the forecast reached
a 10% probability of becoming feasible by 2027 at the latest. The one remaining forecast, which reached
a 10% chance in 2028, was for solving a long-standing math problem without human input.

We retained all task questions across survey iterations rather than removing tasks we judged already
feasible. This judgment is often difficult, and retaining the questions lets us see how participants’ answers
change as capabilities develop. If participants believe a task has already become feasible, they can

7The task specifies ‘without more input from humans’, which would exclude the proposed September 2026 Navier-Stokes
solution from satisfying this (OpenAI, 2026).
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respond with zero years, a negative number of years, or a comment to that effect. (Zero years would be
included in the aggregate, while the others would not.) However, even when estimating when a task
would have a 10% chance of becoming feasible, no task received an answer of zero years from a majority
of respondents; the highest proportion was 32% for the high-school history essay task. No one entered a
negative value, although one person wrote that they would like to.

This suggests that participants might instead infer from the inclusion of a task that we are referring
to a level of performance that has not yet been achieved, therefore imagining a different task than
the one that participants imagined when the task was first included in the survey. This complicates
interpretation of answers for some tasks assigned very short timelines, where it is plausible that the task
is already feasible.

Forecasts for the 39 tasks were largely stable: 33 moved by less than two years in either direction.
The largest exceptions were proving publishable mathematical theorems and autonomously conducting
machine learning research, which both moved roughly seven years earlier.
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Figure 4: Mean aggregate forecasts of when AI milestones will become feasible (labels
paraphrased). Markers show the year with a 50% probability of the milestone having been reached, from the
mean aggregate distribution; horizontal lines show the 10%–90% range. Milestones shown are from several
imperfectly comparable question types. Task labels are shortened; full task descriptions include further details,
available in Appendix C. This figure corresponds to Figure 1 in the 2023 survey report (Grace et al., 2025).
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3.2 Timing of human-level AI and automation of occupations

We asked participants two substantially different questions about when they expected human-level
performance, focused on a definition in terms of either ‘high-level machine intelligence’ (HLMI) or ‘full
automation of labor’ (FAOL) (see definitions above in Section 2.3). In both cases, participants had
a fifty-fifty chance of receiving the question in a fixed-years framing or a fixed-probabilities framing
(see Section 2.4 above). So for instance, participants had a one-third chance (n=537) of receiving this
question:

Say we have ‘high-level machine intelligence’ when unaided

machines can accomplish every task better and more cheaply than

human workers. Ignore aspects of tasks for which being a human is

intrinsically advantageous, e.g. being accepted as a jury

member. Think feasibility, not adoption.

For the purposes of this question, assume that human scientific

activity continues without major negative disruption.

How many years until you expect:

a 10% probability of HLMI existing? ____ years

a 50% probability of HLMI existing? ____ years

a 90% probability of HLMI existing? ____ years

Another approximate third (n=471) saw the same question but in the fixed-years framing.

The FAOL question block was more involved, asking the participant to first make forecasts about when
four specific occupations would become fully automatable, then to provide an existing human occupation
that they expect to be among the final ones to be fully automatable, then to forecast that, and only then
to forecast FAOL—the point where all occupations are fully automatable. (See Appendix C for a link to
the full sequence of questions.) Participants also received this in fixed-years (n=233) or fixed-probabilities
(n=234) formats.

As detailed in Section 2.7, we fit a gamma distribution to each valid response set. We then averaged the
fitted distributions from both fixed-years and fixed-probabilities framings together, for each of HLMI
and FAOL. Figure 5 shows the resulting mean aggregate distributions. It also shows median aggregate
distributions: those resulting from the same process except showing the median probability assigned for
each year by the set of individual fitted gamma distributions.

Figure 6 shows how the forecasts have changed over subsequent surveys.

In the mean aggregate forecast, HLMI reaches a 10% chance in 2027 and a 50% chance in 2042 (18 years
from the survey). The latter represents a five-year drop since the 2023 survey a year earlier, following a
12-year drop over the year between previous surveys. The mean aggregate forecast for FAOL reaches a
10% chance in 2035 and a 50% chance in 2098 (74 years after the survey). The latter is a 17-year drop
from the previous survey a year earlier (21158), itself a 43-year drop from 2158 in the 2022 survey.

8Reported as 2116 in 2023; small changes to code and data cleaning between surveys shifted the aggregate slightly.
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Figure 5: Aggregate probabilities of high-level machine intelligence (HLMI) and full automation of
labor (FAOL) arriving by a particular year. Thick lines represent the mean (top charts) or median (bottom
charts) CDF over all respondents who gave valid future answers to the question; thin lines (top charts) show a
random subset of 200 of these individual respondent gamma CDFs; shaded regions (bottom charts) show the
central 50% of these individual CDFs.
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Figure 6: Mean aggregate forecasts of HLMI and FAOL over four surveys. Lines represent an average
over CDFs fitted to individual responses in each survey.
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As shown in Figure 5, respondents as a group have highly diverse views, and most individual respondents
are uncertain over a diverse range of outcomes. The mean aggregate forecasts shown above put a ten
percent chance on both HLMI and FAOL within around a decade, while also holding out substantial
probability for these not having arrived in one hundred years.

Over past surveys, FAOL has consistently been forecast much later than HLMI. The reasons for this
are unclear: one might imagine that if all human tasks are able to be automated, then depending on
one’s definitions, occupations would naturally be automatable already or in a short time. Yet we have
consistently seen over fifty years of difference between the dates for an even chance of these two events.
The questions differ in more ways than the definitions, so that may contribute. This trend continues
here, with a gap of 56 years, the smallest to date.

Table 1: Comparison of human-level AI milestone forecasts between this survey and the previous
one. Years are dates where the mean aggregate CDF reaches the specified probability.9

Outcome 2023 survey 2024 survey Shift

FAOL: 10% probability 2037 2035 2 yr
FAOL: 50% probability 2115 2098 17 yr
HLMI: 10% probability 2027 2027 0 yr
HLMI: 50% probability 2047 2042 5 yr

3.3 Causes of AI progress

To elicit opinions about the relative importance of various causes of AI progress, we asked respondents to
estimate how much less AI progress they would have expected with half as much of each of five factors.
For instance, half as many researchers or half as much funding. For computing hardware, “half as much”
referred to the cost decline on a logarithmic scale: respondents were asked to imagine a 5-fold rather
than a 20-fold reduction in costs, approximately half as far on that scale. Each participant was asked
about a random subset of three inputs. Here is one of the questions:

The next questions ask about the sensitivity of progress in AI capabilities to changes in
inputs.

'Progress in AI capabilities' is an imprecise concept, so we are asking about progress as you
naturally conceive of it, and looking for approximate answers.

Imagine that over the past decade, only half as much researcher effort had gone into AI
research. For instance, if there were actually 1,000 researchers, imagine that there had been
only 500 researchers (of the same quality).

How much less progress in AI capabilities would you expect to have seen?
e.g. If you think progress is linear in the number of researchers, so 50% less progress would
have been made, write '50'. If you think only 20% less progress would have been made write
'20'.

_____% less

Results are shown in Figure 7. Opinions varied widely. Researcher effort was seen as least important
and hardware cost reductions most important. Results were very similar to those in the previous survey.

9The aggregate forecast is built by fitting a gamma distribution to each respondent and averaging the CDFs.
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Figure 7: Comparing the causes of AI progress. Values for each cause are given as percentages of true,
historically observed AI progress. Higher values indicate greater importance to progress. Red dots are means; box
shows IQR with median line. Corresponds to Figure 5 in the 2023 survey report (Grace et al., 2025).

3.4 Chance of an intelligence explosion

We asked a sixth of respondents about the possibility of advanced AI speeding up technological progress
in three different ways, directing two such questions to each participant. One of these questions asked
about an argument for this outcome (n=189):

Some people have argued the following:

If AI systems do nearly all research and development, improvements in AI will accelerate the
pace of technological progress, including further progress in AI.

Over a short period (less than 5 years), this feedback loop could cause technological progress
to become more than an order of magnitude faster.

How likely do you find this argument to be broadly correct?

Answers were on a rating scale: Quite unlikely (0-20%), Unlikely (21-40%), About even chance (41-60%),
Likely (61-80%), Quite likely (81-100%).

Their answers, as shown in Figure 8, were similar to those from previous years, with only a small fraction
finding the argument quite likely (81-100%)—4%, down from 12%, 7%, and 9% in the 2016, 2022, and
2023 surveys, respectively.

Another question asks:

Assume that HLMI will exist at some point.

How likely do you then think it is that the rate of global technological improvement will
dramatically increase (e.g. by a factor of ten) as a result of machine intelligence:

Within two years of that point? ____% chance
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Figure 8: How likely participants find an argument that AI progress will create a feedback loop and
accelerate AI development.

Within thirty years of that point? ____% chance

The third question is similar except asking instead about machine intelligence that is vastly better than
humans at all professions following HLMI.

Results are shown in Table 2. The median participant found both of these outcomes unlikely but not
very unlikely in two years, and likely in thirty years. Median responses for both questions were identical
to those in the 2023 survey.
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Table 2: Probabilities of intelligence explosion. Median responses were unchanged from 2023. Indeed, they
have been stable across all editions of the survey, except for vastly superhuman AI within 30 years of HLMI, which
was 50% in 2016 instead of 60%.

Outcome N Mean IQR Median 2023 Median

Dramatic tech
speedup within 2
years of HLMI

173 30.3% 10-50% 20% 20%

Dramatic tech
speedup within 30
years of HLMI

172 71.6% 50-95% 80% 80%

Vastly superhuman
AI within 2 years
of HLMI

171 20.9% 1-30% 10% 10%

Vastly superhuman
AI within 30 years
of HLMI

172 59.6% 30-95% 60% 60%

3.5 Traits of AI systems in twenty years

We asked participants (n=374-380), “In 2044, how likely do you think the following will be for at least
some state-of-the-art AI systems?” and offered them eleven socially consequential traits summarized in
Figure 9.

Figure 10 shows the fraction of participants who rated each trait ‘likely (60%-90%)’ or ‘very likely
(>90%)’, and the corresponding 2023 predictions for the year 2043. The fraction of people in this group
inched up for almost all traits, with “Are able to cause important actions in the world similarly to a
human e.g. run a business, run an advocacy campaign” seeing the largest growth.

“Take actions to attain power” remained the trait fewest people saw as ‘likely’ or ‘very likely’ to be
present in AI systems twenty years in the future, though it attained a median response of “even chance”,
up from “unlikely” in the last survey.

3.6 True decision explanation prospects

We asked (n=520):

For typical state-of-the-art AI systems in 2029, do you think it will be possible for users
to know the true reasons for systems making a particular choice? By “true reasons” we
mean the AI correctly explains its internal decision-making process in a way humans can
understand. By “true reasons” we do not mean the decision itself is correct.

We gave participants five options, shown in Figure 11. The responses are very similar to those in the
2023 survey about 2028. Only 22% of participants considered this likely or very likely.

3.7 Scenarios deserving concern

We asked half of respondents (n=753-760), “How would you rate the level of concern these scenarios
deserve over the next thirty years?” and offered eleven scenarios, and an option for a write-in ‘other’
scenario. They could choose between four levels of concern, shown in Figure 12 with the results.

All eleven scenarios were widely considered deserving of at least substantial concern, with the least—
“Near-full automation of labor makes people struggle to find meaning in their lives.”—still considered
deserving of substantial or extreme concern by over a third of participants. The scenarios considered
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Figure 9: Mixed expectations of AI traits within twenty years. Respondents were asked how likely each
trait would be “for at least some state-of-the-art AI systems” in 2044. Trait descriptions are summarized.
Corresponds to Figure 7 in the 2023 survey report (Grace et al., 2025).

most deserving of concern were both around erosion of public epistemology: “AI makes it easy to spread
false information, e.g. deepfakes” and “AI systems manipulate large-scale public opinion trends”.

Opinions were fairly stable since the previous survey, with none gaining or losing more than four
percentage points of participants who consider them deserving of at least substantial concern. However,
the six scenarios rated highest by this measure in 2023 all moved downward slightly, and the five others
all moved upward.

3.8 Impact of a future with HLMI

We asked all respondents (n=1538) the following, after reminding them of the HLMI definition:

Assume for the purpose of this question that HLMI will at some point exist. How positive or
negative do you expect the overall impact of this to be on humanity, in the long run?

Please answer by saying how probable you find the following kinds of impact, with probabilities
adding to 100%:
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Figure 10: Growing anticipations of socially consequential AI traits. Fraction of participants
considering each trait ‘likely (60%-90%)’ or ‘very likely (>90%)’ for at least some state-of-the-art AI systems at a
date twenty years later, for surveys in 2023 and 2024. Trait descriptions are summarized.

Figure 11: Pessimism about understanding AI decisions within five years. Corresponds to Figure 8 in
the 2023 survey report (Grace et al., 2025).
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Figure 12: Level of concern deserved over the next 30 years. Labels are paraphrased; full
descriptions include further details, available in Appendix C. Corresponds to Figure 9 in the 2023 survey
report (Grace et al., 2025).

Extremely good (e.g. rapid growth in human flourishing) ___%

On balance good ___%

More or less neutral ___%

On balance bad ___%

Extremely bad (e.g. human extinction) ___%

Total [sum]%

The probabilities had to sum to 100% for the participant to enter the response, and we excluded one
response because it contained a negative probability.

As in previous years, the range of responses was wide, with participants spread between fully expecting
extremely good overall impact and fully expecting extremely bad overall impact. However, the population
is not polarized: most participants were in agreement that the future impacts of HLMI looked very
uncertain: 788 of 1,538 respondents (51.2%) assigned at least 5% probability to both extremely good and
extremely bad overall impacts. Table 3 illustrates the range of answers. For two alternative visualizations
of this data, see Appendix G.

On average participants only put 52% on overall impacts of HLMI being good, and reserved 28% for bad
outcomes. This ambivalence is striking in light of the participant pool being people participating in AI
research.
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Table 3: Average predicted overall impacts of HLMI on humanity

Outcome Mean Median

Extremely good (e.g. rapid growth in human flourishing) 23.9% 15.0%
On balance good 27.7% 25.0%
More or less neutral 20.7% 20.0%
On balance bad 17.8% 15.0%
Extremely bad (e.g. human extinction) 9.9% 5.0%

Figure 13: Predicted effects of HLMI on humanity. Each vertical slice shows one respondent’s probability
allocation between five categories of overall impact on humanity in the long run from HLMI. Participants are
sorted left to right by a weighted sum of probabilities corresponding to overall optimism.

3.9 Extinction or severe disempowerment

To shed light on the substantial probabilities given to ‘Extremely bad (e.g. human extinction)’ in Section
3.8, in 2022 we added a question asking more directly about AI endangering humanity, alongside a
variation specifying risks from losing control of advanced AI. In 2023, we added a further variation
asking about risks within the next 100 years. These questions are as follows:

What probability do you put on future AI advances causing human extinction or similarly
permanent and severe disempowerment of the human species?

___%

What probability do you put on human inability to control future advanced AI systems
causing human extinction or similarly permanent and severe disempowerment of the human
species?

___%

What probability do you put on future AI advances causing human extinction or similarly
permanent and severe disempowerment of the human species within the next 100 years?

___%
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Figure 14: Individual response profiles for the overall impact of HLMI on humanity. Each small
rectangle represents one respondent’s five-category probability distribution, sampled evenly from the most
net-optimistic to the most net-pessimistic (weighting extremely good and extremely bad outcomes evenly). The
chart illustrates the diversity of expert opinion.

Each participant received one of these three questions, with the first twice as likely to be assigned as
either of the others (n=744, 392, 353).

The distribution of responses can be seen in Figure 15.

Combining responses to the three questions10 (n=1489), the median participant expects at least around a
10% chance of future AI leading to human extinction or similarly permanent and severe disempowerment
of the human species. The group’s average probability is at least around 18%. 81% of participants gave
extinction or permanent and severe disempowerment at least a 1% chance, while 12% gave it zero chance.
A third gave it at least a 20% chance. The middle 50% of estimates ranged from 1% to 25%. Figure 1b
and Figure 15 show the distribution of expectations. Figure 16 shows how many participants gave at
least 10% or 25% chances in different questions and years.

All three questions received similar answers, weakly suggesting that the risks people are imagining are
generally within the coming century, and that ‘human inability to control future advanced AI systems’
is a reasonable description of a large part of the problem. (Only weakly because different participants
answered each of these questions, and different question framings could prompt different answers that
participants might not stably endorse if they considered all three questions side by side.)

Compared with the results of the 2023 survey (Grace et al., 2025) in Table 4, we see a slight increase in
10Additional constraints on two of the questions would make this a strict lower bound if participant probability assignments

were assumed to be logically coherent, since participants could for instance put further probability on this outcome via
issues other than ‘inability to control’ or in over one hundred years, respectively, but should not put less probability on
extinction overall than a more specific version of extinction. However human probability assignment is fallible and in
particular sometimes subject to the conjunction fallacy, so we instead treat this as an approximate lower bound.
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Figure 15: Distribution of chances assigned to human extinction or similarly permanent and
severe disempowerment from AI. Each vertical slice shows one respondent’s probability of extinction or
permanent and severe disempowerment, with participants sorted by decreasing optimism. A curve that is further
up and to the left indicates a greater level of concern. Participants answered one of three versions of this question
shown separately above; ‘pooled’ combines these answers. From this we can see that respondents were more
concerned overall than in 2023, but less concerned about loss of control in particular.
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Figure 16: Fraction of respondents assigning at least 10% and at least 25% probability to
extinction or similarly permanent and severe disempowerment. Top: separated by question; bottom:
pooled across the question variants available in each survey.
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the chances assigned to these catastrophic outcomes. For the first time in these surveys, the median AI
researcher says human extinction or permanent and severe disempowerment from future AI has a 10%
chance, given no further conditions. See Figure 17.

Figure 17: Mean and median probabilities given to AI causing human extinction or similarly
permanent and severe disempowerment, without further conditions. Both rose between the 2023 and
2024 surveys.
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Table 4: Extinction or permanent and severe disempowerment looks slightly more likely in 2024 than in 2023. This corresponds to Figure
12 in the 2023 survey report (Grace et al., 2025).

Question N Mean 2023 Survey Mean Change Median
2023 Survey
Median Change >=10% >=25%

What probability do you put
on future AI advances
causing human extinction or
similarly permanent and
severe disempowerment of
the human species?

744 18.3% 16.2% +2.1 pp 10.0% 5.0% +5.0 pp 52.7% 26.6%

What probability do you put
on human inability to
control future advanced AI
systems causing human
extinction or similarly
permanent and severe
disempowerment of the
human species?

392 18.5% 19.4% -0.9 pp 9.0% 10.0% -1.0 pp 50.0% 26.8%

What probability do you put
on future AI advances
causing human extinction or
similarly permanent and
severe disempowerment of
the human species within
the next 100 years?

353 17.5% 14.4% +3.1 pp 5.0% 5.0% unchanged 49.0% 25.8%

Pooled (all variants
combined)

1489 18.2% 16.5% +1.7 pp 10.0% 5.0% +5.0 pp 51.1% 26.5%
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Figure 18: Large fractions of participants see serious chances of catastrophic outcomes from future
AI advances. A comparison of participants with high answers for three questions about extinction or
disempowerment, and one discussed earlier about overall impacts of HLMI.

Researchers assigned somewhat lower chances overall to an extremely bad outcome from HLMI than
they did to human extinction or severe disempowerment from AI advances. See Figure 18 above. The
two questions start from different assumptions, so they are not straightforwardly comparable. The
HLMI question asks respondents to assume HLMI will at some point exist and to divide 100% across
five categories of overall long-run impact, while the extinction questions make no such assumption and
ask for a single probability about future AI advances in general. Differences in assumptions, scope, and
response format could each produce a gap of this kind, so the comparison does not by itself establish that
respondents consider extinction or severe disempowerment acceptable. That some fraction of researchers
do not count such outcomes as extremely bad, at least under some envisaged conditions, remains a
possibility these questions do not test; some researchers and AI company employees have expressed such
views publicly (Torres, 2025; Sutton, 2023).

There were substantial geographical differences in expectations of extinction or disempowerment, as
shown in Figure 19. Researchers who completed their undergraduate studies in Asia saw more risk than
those who studied in North America or Europe.

Researchers who had thought more previously about the social impacts of smarter-than-human AI
tended to judge the risks as larger than those who had thought less, as shown in Figure 20. However
the differences were relatively small: all but the least attentive to the topic had the same median: 10%.
This is some reassuring evidence against the median being affected by heavily involved people being
more likely to take the survey.

3.10 Support for AI safety research

We asked half of participants (n=748) the following, after defining ‘AI safety research’ per Section 2.3:

How much should society prioritize AI safety research, relative to how much it is currently
prioritized?

Figure 21 shows the results. There was strong support for increased prioritization, with 72% of researchers
saying society should prioritize AI safety research either “more” or “much more.” These findings are
very similar to those of the 2022 and 2023 surveys (and around 20 percentage points higher than those
of the 2016 survey).
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Figure 19: Researchers who did their undergraduate studies in different continents had different
distributions of perception of extreme risk from AI. Note that for three regions n is very small.

Figure 20: Researchers who had thought more about social impacts of smarter-than-human
machines tended to see higher risks, but views were similar across the distribution.
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Figure 21: The median AI researcher still thinks AI safety should be prioritized “more.”

3.11 Stuart Russell’s argument for AI risk

We presented half of participants with a summary by Stuart Russell of an argument for why highly
advanced AI might pose a serious risk (Russell, 2014), available in the question list in Appendix C, then
asked them three questions, each with a five-point rating scale (n=755, 753, 752):

Do you think this argument points at an important problem?

How valuable is it to work on this problem today, compared to other problems in AI?

How hard do you think this problem is compared to other problems in AI?

Responses are shown in Figure 22. Participants overwhelmingly found the problem important, but were
spread out on the question of how valuable it is to work on today compared to other problems in AI.
They tended to find it harder than other problems in AI, with very few considering it easier.

Only 12% of participants considered this among the most important problems in the field, and only
7% considered it much more valuable than other problems in AI to work on. This is interesting in
combination with over half of participants indicating that they think AI poses at least a 10% chance
of human extinction or disempowerment. Possibly Russell’s argument does not capture much of what
concerns them about future AI, or its apparent difficulty to resolve makes it less important or valuable,
or participants consider other problems in AI even more pressing.

Responses in 2024 were broadly similar to those in 2023. Compared with 2016, respondents continued
to rate the problem as more important, more valuable to work on today, and harder, although these
measures had not all increased consistently across survey waves.

3.12 Socially beneficial rate of AI progress

We asked a quarter of participants (n=382):

What rate of global AI progress over the next five years would make you feel most optimistic
for humanity's future? Assume any change in speed affects all projects equally.

Results are shown in Figure 23. Participants could also opt for ‘other’, which 3% did.

Opinion was spread roughly a third each way between faster paces, slower paces, and the current speed.
“Much slower” was the least popular answer, but saw substantial growth since 2023, increasing by around
80%.
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Figure 22: Views on Stuart Russell’s argument for AI risk. Participants read a summary of an argument
before being asked about it. Corresponds to Figure 15 in the 2023 survey report (Grace et al., 2025).

Figure 23: Respondents shifted slightly toward optimism for slower AI progress compared to the 2023
survey.
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3.13 Impressions of others’ views

We asked a quarter of participants (n=385):

To what extent do you think you disagree with the typical AI researcher about when HLMI
will exist?

Results are below.
Table 5: Perceived disagreement with others on when HLMI will exist.

Response Count Percentage

Not much 169 44%
A moderate amount 174 45%
A lot 42 11%

We asked a quarter of participants (n=386):

To what extent do you think people's concerns about future risks from AI are due to
misunderstandings of AI research?

Around three quarters of respondents answered ‘somewhat’ or ‘to a large extent’, though ‘almost entirely’
was much less popular. Responses here are very similar to those in the 2023 survey.

Figure 24: Extent of AI concerns attributed to misunderstanding by participants.

4 Discussion
Here, we summarize some key results from the survey, note some related works, and discuss some
limitations.

4.1 Summary of key results

4.1.1 Positive and negative outcomes from future AI systems

As in previous surveys, most researchers anticipated substantial risks from more advanced AI. The
average probability assigned to human extinction or extreme disempowerment from future AI advances
was more than one in six, and most researchers gave it at least one in ten. See Section 3.9. These numbers
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are slightly up from the last survey. Researchers thought many other scenarios deserved high degrees of
concern over the next 30 years, with AI misinformation and public opinion manipulation at the top,
followed by misuse (e.g. bioweapons), authoritarianism, and economic inequality. See Section 3.7. On
average researchers assigned a 10% chance to extremely bad long-run consequences for humanity overall
if high-level machine intelligence is developed. Researchers still considered extremely good outcomes
more likely than extremely bad outcomes, assigning them 24% (vs. 10%) on average. See Section 3.8.

72% of researchers thought society should support AI safety research more (36%) or much more (36%).
See Section 3.10. Researchers were around evenly split regarding whether they would be most optimistic
for humanity’s future if the pace of global AI progress were faster (34%), slower (34%), or the current
speed (29%). See Section 3.12. The fraction of researchers who would be most optimistic if progress were
much slower nearly doubled from the 2023 survey, from 5% to 9%.

4.1.2 Timelines to AI milestones

Forecasts of broadly human-level AI capabilities moved earlier again in the 2024 survey, although they
remained strongly dependent on how the question was asked. For machines able to perform every task
better and more cheaply than human workers, the mean aggregate forecast reached 50% probability in
2042, compared with 2047 in the previous survey, assuming no major disruption to scientific activity.
When respondents instead considered when all occupations would be fully automatable, the corresponding
date was 2098, compared with 2115. Both questions concern what machines could do, rather than
whether they would actually be deployed.

In the mean aggregate forecasts, all but five of the 39 narrow tasks we asked about were expected to
be achievable by AI systems within ten years, and all but one were assigned a ten percent chance of
becoming feasible by 2027 at the latest. Timelines were already short for most tasks, and changed little:
33 of the 39 moved by less than two years in either direction. See Section 3.1.

While researchers expected fast progress on AI, only 4% of those asked rated an argument for an
intelligence explosion—that AI doing nearly all R&D could make technological progress more than an
order of magnitude faster in under five years—as quite likely to be broadly correct, down from 7–12% in
previous years. See Section 3.4.

As in previous surveys, researchers were not optimistic that we would understand the reasons for AI
systems’ decisions within the next five years. Only 22% of researchers found this likely or very likely
(see Section 3.6). More researchers saw many important AI traits as likely or very likely 20 years out
than they did in the survey a year earlier: being able to be jailbroken to take illegal actions, deceiving
humans to achieve goals, taking important real-world actions, having goals not aligned with human
goals, forming unintended collaborative relationships with other AIs, self-improving regardless of human
wishes, and taking actions to attain power all seemed likely to more people. On the other hand, more
researchers became optimistic since the previous survey that in 20 years’ time, AI systems would be
able to be trusted to explain their decisions, and that their behavior would not be frequently surprising,
though both remain minority opinions. See Section 3.5.

4.2 Comparison with other surveys

The Expert Survey on Progress in AI is the longest-running series of surveys of experts in the field of
AI. The 2023 iteration of this survey was the largest survey of AI researchers at the time, with 2,778
responses. It remains the largest peer-reviewed one, though a recent non-peer-reviewed survey focused on
values and governance opinions had more participants (O’Donovan et al., 2025). Pew Research surveyed
1,013 AI experts in 2024, recruiting authors and presenters from 21 AI-related conferences (McClain
et al., 2025).
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4.3 Limitations

Previous versions of our survey have often been cited as evidence that AI researchers believe AI is likely
to cause human extinction. However, we do not ask specifically about extinction, only “human extinction
or similarly permanent and severe disempowerment.” While this is still very concerning in any case, it is
not clear from our work how many researchers are concerned about extinction, per se. Figure 12 suggests
that researchers see other scenarios as more of a concern, at least in the next thirty years. Future work
could seek to disentangle these concerns.

While we use the same methodology for identifying survey participants (researchers publishing in top-tier
venues), this population changes from year to year. In recent years, frontier AI companies (e.g., OpenAI,
Anthropic, Google DeepMind, xAI, Meta, DeepSeek) have grown dramatically, and many researchers
have moved to industry; at the same time, AI companies have largely stopped publishing in the venues
our survey draws on. As a result, our survey almost certainly underweights the perspective of researchers
who work at AI companies (vs. academics), which would skew our results if there is a systematic
difference between these populations. Anecdotally, it seems more common for researchers with shorter
timelines to join frontier AI companies, suggesting that overall, researchers’ timelines may have shrunk
more than our results would indicate.

People make systematic, predictable errors when reasoning about probabilities (Tversky and Kahneman,
1983), and their performance depends heavily on how statistical information is presented (Gigerenzer
et al., 2007; McDowell and Jacobs, 2017). These findings suggest caution in interpreting the numerical
probabilities reported in our survey. We believe this effect is likely less severe in our population, however,
as reasoning about probabilities is an integral part of AI and machine learning research.

Expertise, however, is a poor predictor of forecasting accuracy. Experts are frequently outperformed
by simple statistical models, and their stated confidence intervals are typically far too narrow (Tetlock,
2017; Camerer and Johnson, 1991; Ben-David et al., 2013). While we consider the predictions of AI
experts a topic of considerable interest, it is unclear how valuable their predictions are for accurately
forecasting outcomes.

The survey we report on in this paper was conducted in December 2024, over 18 months ago. The
field of AI moves fast, and so the opinions of AI researchers at the time of publication are likely to be
substantially different in some ways from what we report.
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Appendix A: Participation bias and question-level response bias
Reducing bias is an important issue for a survey such as this where opinion may vary substantially
between different groups, and participation may also be motivated by expression of some opinions.

This survey involved substantial effort to reduce biases:

1. We disseminated the survey very widely and neutrally: we collected as many email addresses as we
could for researchers publishing in the relevant venues, and wrote to each individually, rather than
relying on sources of dissemination or encouragement that could induce a biased sample. We took
substantial care to reduce minor sources of bias in this email collection procedure, such as from
varying rates of name overlap among researchers from different cultures.

2. We sought a high response rate (and seem to have achieved a relatively high one, though comparison
is difficult between surveys): we paid participants a substantial sum to participate (this was a
large part of the financial expense of the survey), sent repeated reminders, and in previous years
experimented to improve the appeal of the invitation.

3. We avoided methods of increasing the response rate that might induce bias, such as seeking
endorsement from prominent researchers, or encouraging people to share the survey.

4. In particular, we kept the description of the topic vague in the invitation—“the future of AI
progress”—to minimize the possibility of people deciding to participate according to their opinions
on the narrower topics. (There was still some potential for this, for people who recognized or
looked up the name of the survey, the sender (Katja Grace), or the organization (AI Impacts), or
followed links in the email.)

For the 2023 ESPAI (Grace et al., 2025), as well as attempting to minimize bias in ways very similar to
the above, we investigated the possibility of remaining bias, given the results we collected. We released
a separate FAQ detailing this and responding to circulating misconceptions (Grace, 2025). For this
iteration of the survey we have not repeated the investigation, but given the similarity of the survey
results, it would be surprising if the situation were not very similar.

In 2023:

• Each normal question was answered by on average 96% of those who saw it, leaving little room for
bias from people skipping questions.

• Of people who answered at least one question, 95% got to seeing the final demographics question
at the end, leaving little room for bias from people dropping out after learning the more specific
topics of the survey.

• When asked “How much thought have you given in the past to social impacts of smarter-than-
human machines?” only 10.3% answered that they had ‘a particular interest’ in the topic, bounding
the fraction of participants who might plausibly be from the AI Safety community or otherwise
ideologically motivated to take the survey to contribute to perception of risks (a commonly proposed
model of bias in this survey).

• For respondents who answered ‘a little’ or ‘very little’ to the above question—i.e. those who had
at most discussed the topic a few times—the median probability of “human extinction or similarly
permanent and severe disempowerment of the human species” from advanced AI (asked with or
without further conditions) was 5%, the same as for the entire group. This means that even if
more concerned people were overrepresented, that would not be affecting the notably high reported
probabilities of extinction or similar disempowerment.
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• Some demographic groups were more likely to answer than others, and we noted two where different
groups had both different propensities to respond and different patterns of response among those
who did. Women only participated at around 66% of the base rate, and generally expected less
extreme positive or negative outcomes. However, since women were only around one tenth of
the background population, the scale of error from it is limited. People who did undergraduate
study in Asia were only 84% as likely as the base rate to respond, and in mean aggregate expected
high-level machine intelligence earlier, and had higher median extinction or disempowerment
numbers. These and other less notable patterns suggest various small biases from demographic
variation in response rates, but no particular reason to expect these to systematically push results
in a particular direction.

For further discussion and analysis, see (Grace, 2025).
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Appendix B: ESPAI methodological changes between 2023 and 2024
Questionnaire:

• In questions referencing future years, year values were incremented by one, e.g. the question in
Section 3.6 which asked about 2028 in 2023 became 2029.

• A potentially outdated elaboration in the one-shot learning task question was removed.

• The year in the survey title and the email address on the consent page were updated.

Communication:

• We made a variety of small changes in our communications (e.g. invitation emails, reminders,
names and affiliations of people issuing invitations) to invited participants. These changes included
wording, timing, and formatting. We also made some small structural changes (e.g. slight changes
to the incentive payment process).

• In 2024 some participants received their invitations later on in the collection period due to incorrect
omission from the original outreach list.

Data cleaning and analysis:

• Data cleaning was similar but not identical.

• Data cleaning in both years parsed some non-numeric answers into numeric answers (e.g. ‘about
5’ into ‘5’) and excluded others, but cleaning in 2024 probably parsed a smaller set of possible
non-numeric inputs.

• The code used for the analysis was not identical, though the intention was for it to perform the
same function. Slight differences in algorithms for gamma fitting likely introduced immaterial
differences.

Other:

• The 2023 ESPAI was approved by the Ethics Committee of the University of Bonn (248/23-EP);
the 2024 survey did not undergo a comparable formal ethics review.

• In 2024 we used our list of previously contacted participants as a source for identifying emails for
our invitation candidates. It is unclear whether we did this in 2023. This could introduce a slight
bias toward AI researchers who were also identified in an earlier survey.

• In 2024 an error in compiling the invitation list caused many ineligible individuals to be invited to
participate. Submissions were checked for eligibility, and responses from participants not meeting
the criteria outlined in the Recruitment section were excluded.
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Appendix C: Survey materials and external resources
Full survey text, as presented to participants: http://aiimpacts.org/wp-content/uploads/2026/09/2024-
Expert-Survey-on-Progress-in-AI.pdf

This link also includes the full text of Stuart Russell’s argument for why highly advanced AI might pose
a serious risk.

Anonymized and cleaned response data: http://aiimpacts.org/wp-content/uploads/2026/09/2024-expert-
survey-anonymized.csv

Invitation and reminder letters: 2024 survey emails, reminders and front matter

List of full task descriptions: https://tinyurl.com/aitasks

FAQ for 2023 ESPAI methodology (which closely matches the methodology for this survey): https:
//blog.aiimpacts.org/p/faq-expert-survey-on-progress-in
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Appendix D: Framing effects

Figure 25: CDF comparison between the fixed-years framing and fixed-probabilities framing
conditions for HLMI and FAOL. Each curve is the mixture (mean) CDF for respondents assigned to that
framing condition. The fixed-probabilities framing consistently produces earlier predictions than the fixed-years
framing, and the HLMI framing consistently produces earlier predictions than the FAOL framing.
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Appendix E: Aggregation method comparison
Different choices in how individual survey responses are fitted and combined into aggregate forecasts
can shift the headline numbers. Motivated by Adamczewski’s reanalysis of ESPAI data (Adamczewski,
2024), this appendix compares three approaches on the key milestones:

• Mean aggregation with mean-squared-error fitting — the method used in past analyses
of the three previous ESPAI surveys, and used most in this paper. Fit a gamma CDF to each
respondent’s three data points using mean squared error, then take the pointwise mean of all
fitted CDFs. Because the method averages bounded probabilities rather than forecast years, each
respondent’s direct influence remains limited to their equal weight in the sample.

• Median aggregation with mean-squared-error fitting — same fitting, but take the pointwise
median instead of mean. Less sensitive than the mean to a minority of extremely early or late
forecasts. Adamczewski argues the median better represents the “typical expert”. We report this
for human-level AI forecasts in the main paper.

• Mean aggregation with log-loss fitting — fit using log-loss (cross-entropy) instead of MSE,
then take the mean. Log-loss naturally weights errors near p=0 and p=1 more heavily than errors
near p=0.5, matching the intuition that a five-percentage-point error at p=0.95 represents a much
larger shift in belief than the same error at p=0.50.

Table 6: Headline 50% years generally change by a small number of years with the choice of mean
or median, and less than three years with the choice of loss. Switching from mean to median aggregation
pushes the 50% year for HLMI from 2042 to 2044 and FAOL from 2098 to 2101. Switching from MSE to log-loss
barely changes the aggregate; this is consistent with Adamczewski’s finding that fitting choice has “hardly any
impact.” However, 50% years tend to be less affected than the tails, e.g., 10% years (Adamczewski, 2024).

Milestone Mix-Mean (MSE) Mix-Median (MSE) Mix-Mean (LogLoss) N (MSE) N (LogLoss)

HLMI 2042 (18.5 yr) 2044 (20.0 yr) 2043 (19.0 yr) 985 985
FAOL 2098 (74.2 yr) 2101 (77.1 yr) 2096 (72.0 yr) 456 456
Truck Driver 2033 (8.5 yr) 2034 (9.7 yr) 2033 (8.5 yr) 459 459
Surgeon 2050 (26.3 yr) 2053 (29.3 yr) 2051 (26.6 yr) 458 458
Retail Salesperson 2031 (7.3 yr) 2032 (8.3 yr) 2031 (7.4 yr) 460 460
AI Researcher 2052 (27.9 yr) 2055 (30.6 yr) 2052 (27.6 yr) 458 458
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Figure 26: Regardless of loss, 50% year results with median aggregation are later than results with
mean.
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Appendix F: Tabular data for AI milestone predictions

Table 7: Predicted attainment of AI milestones, from Figure 4. Labels are short names; the full task
descriptions given to participants are linked in Appendix C. Year values are years from the date of the survey
(December 2024), with equivalent calendar years in parentheses. The 10%, 50% or 90% “prob year” is the year at
which the mixture CDF reaches 10%, 50%, 90%.

Milestone N (fitted) 10% Prob Year 50% Prob Year 90% Prob Year

Write high-school history essay 129 0 yr (2024) 2 yr (2026) 10 yr (2034)
Write Python code (e.g. quicksort) 111 0 yr (2024) 2 yr (2026) 11 yr (2035)
Play new Angry Birds levels (superhuman) 167 0 yr (2024) 2 yr (2026) 10 yr (2034)
Win World Series of Poker 139 0 yr (2024) 2 yr (2026) 15 yr (2039)
Answer Googleable factoid questions 144 0 yr (2024) 3 yr (2027) 23 yr (2047)
Group unseen objects into classes 146 0 yr (2024) 3 yr (2027) 19 yr (2043)
Voice acting from text 141 0 yr (2024) 3 yr (2027) 14 yr (2038)
Translate as well as a fluent bilingual
non-translator

158 0 yr (2024) 3 yr (2027) 18 yr (2042)

Answer Googleable open-ended questions 157 0 yr (2024) 3 yr (2027) 23 yr (2047)
Transcribe speech (noisy, accents) 135 0 yr (2024) 3 yr (2027) 16 yr (2040)
Beat best StarCraft II players 147 0 yr (2024) 3 yr (2027) 18 yr (2042)
3D model from short video 151 0 yr (2024) 3 yr (2027) 18 yr (2042)
Answer questions with no definite answer 146 0 yr (2024) 4 yr (2028) 20 yr (2044)
Produce song indistinguishable from artist 149 0 yr (2024) 4 yr (2028) 20 yr (2044)
Build website with payment processing 134 0 yr (2024) 4 yr (2028) 20 yr (2044)
Translate speech from subtitled films 120 0 yr (2024) 4 yr (2028) 24 yr (2048)
Beat novices on 50% of Atari games (20 min
training)

148 0 yr (2024) 4 yr (2028) 32 yr (2056)

Phone banking services 143 0 yr (2024) 4 yr (2028) 26 yr (2050)
Fine-tune open source LLM 139 0 yr (2024) 5 yr (2029) 30 yr (2054)
Beat pro game testers on all Atari games 150 0 yr (2024) 5 yr (2029) 25 yr (2049)
Compose US Top 40 song (full audio) 148 0 yr (2024) 5 yr (2029) 47 yr (2071)
Match best humans in Putnam competition 158 0 yr (2024) 5 yr (2029) 31 yr (2055)
Translate newly discovered language (Rosetta
Stone)

122 0 yr (2024) 6 yr (2030) 55 yr (2079)

Fold laundry (speed + quality) 162 1 yr (2025) 6 yr (2030) 35 yr (2059)
Play random game as human novice (<10 min) 140 1 yr (2025) 6 yr (2030) 38 yr (2062)
Learn efficient sorting (no solution form) 135 0 yr (2024) 6 yr (2030) 51 yr (2075)
Write NYT best-seller novel 155 0 yr (2024) 6 yr (2030) 66 yr (2090)
One-shot image recognition 134 1 yr (2025) 7 yr (2031) 37 yr (2061)
Explain game AI moves to a non-expert 150 1 yr (2025) 7 yr (2031) 48 yr (2072)
Beat best Go players (limited training) 148 1 yr (2025) 7 yr (2031) 88 yr (2112)
Assemble any LEGO set 141 1 yr (2025) 7 yr (2031) 32 yr (2056)
Find & patch security flaw (100k+ users) 135 1 yr (2025) 7 yr (2031) 63 yr (2087)
Replicate ML conference study 140 2 yr (2026) 8 yr (2032) 53 yr (2077)
Beat fastest human in 5 km city race (bipedal
robot)

125 1 yr (2025) 9 yr (2033) 40 yr (2064)

Discover physics equations from simulation 132 1 yr (2025) 11 yr (2035) 130 yr (2154)
Conduct ML research & write conference paper 164 2 yr (2026) 12 yr (2036) 159 yr (2183)
Prove publishable math theorems 149 2 yr (2026) 15 yr (2039) 259 yr (2283)
Install electrical wiring in new home 130 3 yr (2027) 16 yr (2040) 97 yr (2121)
Solve unsolved math problem (e.g. Millennium) 130 4 yr (2028) 29 yr (2053) 798 yr (2822)
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Appendix G: Supplemental figures

Figure 27: Predicted distribution of long-run impacts of HLMI on humanity (from Section 3.8). Each
vertical slice shows one respondent’s probability allocation between five categories of overall impact on humanity in
the long run from HLMI. The top version was in Section 3.8; the bottom version is the same except ordered by
probability of extremely bad outcomes alone, to highlight the distribution of expectations on that. Note that the
‘extremely good’ and ‘extremely bad’ categories were presented with examples.
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