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Abstract

People hold radically different views about the risk of global catastrophe from AI. We present
evidence that Al systems can help adjudicate these views: frontier models now predict binary
real-world events about as accurately as the best humans (“superforecasters”) and predict
rare events in complex simulations increasingly well as Al capabilities improve (Spearman
p = +0.85). We introduce the Automated AI Risk Outlook (AIRO), a regularly updated
panel of frontier models’ forecasts of catastrophic risk. At time of writing, the panel’s median
forecast that AI causes a catastrophe leading to the death of at least 10% of humans is 0.47%
by 2030, 6.0% by 2050, and 12.2% by 2100. The Al-catastrophe median is about 45% of the
all-cause median by 2030 and 71% by 2050. We also elicit cumulative incident forecasts on
a standardized death-and-damage scale. At the highest threshold (equivalent to one billion
deaths), misalignment is the highest risk, followed by cyber and biological risks. Estimates
of risk are contingent on Al capabilities: conditioning on each model’s own 90th-percentile
estimate of frontier capability by March 2027 raises its Al-catastrophe forecast by 2030 by
2.21x. Models forecast that compute caps and pre-release reviews would meaningfully reduce
risk, although these policies would have other costs that we do not model. Because our panel’s
accuracy rises with the same capability growth that likely drives potential AI risks, these
forecasts are most informative in precisely the future worlds where Al risk is highest.
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1 Introduction

People differ wildly in their assessment of catastrophic risks posed by Al. Al leaders like Dario
Amodei and Elon Musk estimate a 10-25% chance of catastrophic outcomes including human
extinction within the next few decades (Morrone, 2025; Tangalakis-Lippert, 2024), while aca-
demic experts express a wide range of views; Geoffrey Hinton (2018 Turing Award; 2024 Nobel
Prize in Physics) gives similarly high estimates of extinction risk (Milmo, 2024) while Yann
LeCun (2018 Turing Award) places this probability below that of extinction from an asteroid
hitting the earth (< 0.001% over the next millennium) (LeCun, 2023). Surveys of Al experts
and superforecasters in 2022-2023 placed the probability of Al-caused extinction by 2100 at
3-5% and 0.4%, respectively (Karger et al., 2023; Grace et al., 2025), although both groups
underestimated subsequent AI capability progress (Kucinskas et al., 2025). If true risk is sub-
stantial, mitigating it could be the single most important public policy priority in human history,
especially if this could be done without sacrificing the substantial possible benefits of AT (Jones,
2024). On the other hand, if the lowest-end estimates are right, costly slowdowns proposed by
many lab leaders and pundits would achieve little while stymying potential scientific innovation
and economic growth.

We believe this debate is missing a key input: forecasts from frontier large language models.
The best models now approach superforecaster levels in the accuracy of their predictions; models
are rapidly becoming more capable, and more capable models make better forecasts (Karger et
al., 2025; ForecastBench, 2026). We show below that more capable models also make better
forecasts of low-probability events in simulated environments. This evidence does not prove
that more capable models can accurately forecast catastrophic risks, but it is suggestive. If
models become more capable in ways that lead to increased risks from Al, model forecasting
should likewise improve, providing increasingly accurate warning signs.

If the probability of catastrophe does spike and regulators or policymakers determine that
coordination and decisive action are needed, accurate forecasts could act as a bellwether, alerting
frontier labs and governments about which actions would most clearly mitigate risk. Forecasts
could also act as a Schelling point, helping to solve coordination problems between competing
Al companies or countries by establishing common knowledge of status quo risks and policy
counterfactuals.

We introduce the Automated AI Risk Outlook (AIRO), a dashboard showing frontier model
forecasts of various types of catastrophic risk. Our main definition of a catastrophe is an event
that leads to the death of at least 10% of the global population within a short period of time (five
years). Our dashboard includes top-line forecasts of overall catastrophic risk and catastrophic
risk from Al specifically. It also includes severity-threshold forecasts for Al-related biosecurity,
cybersecurity, and misalignment incidents. In the domain-specific forecasts, each threshold can
be reached through deaths (or equivalent morbidity) or economic damages. We report separate
forecasts from various frontier models, as well as an ensemble forecast that subsets to models with
the highest score on the Epoch Capabilities Index (ECI), a measure of general Al capabilities
that strongly correlates with real-world forecasting ability.

Figure 1 shows two views of the dashboard: forecasts of Al catastrophe over time and
forecasts of frontier Al capability alongside human forecasts and a trend projection.



Our top-line findings are:

1. The ensemble of models places the probability of any catastrophic event (AI or non-
AI) at 1.1% by 2030 (models span 0.7-1.6%), 8.5% by 2050 (3.2-11.0%), and 18.5% by
2100 (7.8-28.0%); the corresponding Al-catastrophe medians are 0.47%, 6.0%, and 12.2%,
respectively.

2. At one billion deaths or equivalent morbidity, misalignment has the highest median among
the three domain-specific categories at the 2030, 2050 and 2100 horizons (0.29% by 2030,
4.8% by 2050, 9.1% by 2100). Cyber incidents and Al-related human-caused epidemics
are nearly tied at this threshold in 2030 and 2050; by 2100, their medians are 2.5% and
2.2%, respectively.

3. The ensemble median probability of an Al-caused catastrophe by 2030 falls from 0.47%
unconditionally to 0.21% when each model conditions on its own 10th-percentile estimate
of frontier capability in March 2027, and rises to 1.2% at its own 90th percentile. The
medians of these low and high ECI estimates are 170 and 188, respectively. In other words,
if AT capabilities decelerate relative to model expectations, models predict that risk would
fall. If they accelerate relative to model expectations, risk would rise significantly.

4. International compute caps reduce the Al-catastrophe forecast by 38% by 2030 and 41%
by 2050; international pre-release requirements reduce it by 44% and 47%, respectively.
US-only versions have smaller predicted effects. We do not weigh these risk reductions
against potential costs from foregone innovation and growth.

Our goal is both to report baseline numbers and to monitor how such forecasts evolve over time
in response to new information. A virtue of model-based forecasting is that it accommodates
arbitrarily granular questions without inducing survey fatigue, and so the above forecasts can
also be elicited for a broad range of timelines and severity levels. We report these results below.

Our top-line forecasts are unconditional forecasts, meaning they incorporate any anticipated
policy responses. We report preliminary evidence of models’ conditional forecasting ability, and
use policy-conditional forecasts to examine how much mitigation they “price in.” For an Al-
caused catastrophe by 2050, the ensemble median is 7.2% under the status-quo condition of no
new substantial AT policy, versus 6.0% unconditionally. The unconditional median is thus 17%
lower than the no-new-policy median, consistent with anticipated policy responses reducing risk.

These results raise two questions: should we believe them, and if so, how should policymakers
respond?

The main reason to give these results some credence is that frontier models are now good at
forecasting and, specifically, they are good at forecasting low-probability events. Our Forecast-
Bench analysis finds less favorite-longshot bias and similar overall Brier scores for the evaluated
models relative to the 2024 superforecaster panel (Figure 2); although, the question sets and
evaluation dates differ.! We also apply techniques from Lee et al. (2026) to generate a large
number of contamination-free, low-probability events in simulated video game worlds. Among
these low-probability events, we find that model capability strongly predicts forecasting accuracy
and that the most capable models’ forecasts (including every model in our ensemble) approach

!The benchmark and its current leaderboard provide additional context for this comparison (Karger et al.,
2025; ForecastBench, 2026).
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Figure 1: The AIRO dashboard. (a) Model-level and ensemble forecasts of Al catastrophe,
with the 2030 horizon selected. (b) Frontier Epoch Capabilities Index (ECI), model forecasts,
LEAP superforecaster estimates (Murphy et al., 2025), and an ECI trend projection. Screenshots
captured in September 2026, using the September 2026 forecasts.



the true base rate of low-probability events.? We also show below that more capable models

update more in response to relevant information they did not previously possess (market prices
for off-line models), but update less in response to being prompted to read publicly available
information, as we would expect if forecasts efficiently incorporated this information already.
We expect continued improvements in model capabilities to create opportunities for better fore-
casting, but more testing is needed to validate model performance on real-world low-probability
events, as well as specific precursors of catastrophic risk.

What should policymakers do with this information? Even small catastrophe probabilities
imply substantial potential harm. The level of risk in our current ensemble forecast translates to
at least 3.8 million statistical deaths by 2030. Even a small reduction in catastrophe probability
could have substantial benefits.

To understand the possible benefits of approaches to mitigating Al risk, we consider counter-
factual forecasts: predictions of risk outcomes conditioned on a specified policy being adopted.
We validate this exercise in a simulated epidemic with known intervention effects, where frontier
models recover most of the true effect (median 0.78 of the recoverable skill) and do so more
accurately as Al capabilities rise. We then return to real-world policy counterfactuals and ask
models to forecast Al risk conditional on 8 policy scenarios adapted from the forthcoming August
2026 wave of the Longitudinal Expert AI Panel (LEAP) Wave 12 (“Safety Policies”; Forecasting
Research Institute, 2026). The model ensemble forecasts that federal pre-emption of state Al
regulation increases the forecast probability of an Al-caused catastrophe 1.24x by 2050. An in-
ternational compute cap, international pre-release authorization, and strict liability each lower
forecasts of risk, and implementing the combined package reduces the forecast of Al-catastrophe
by 66% by 2050 (0.34x). None of these policies is necessarily ‘free’: a full analysis would have
to weigh forgone innovation against the risk reduction, which we do not attempt here. The con-
ditional forecasts do provide a ranking of which policies are predicted to reduce risk the most.
The panel expects international measures to be more effective than national ones, a bundle of
measures to be more effective than single measures, and federal preemption to increase risk. We
will continue to update this panel as new information arrives and as new policies are proposed.

The remainder of the paper proceeds as follows. Section 2 describes how we formulated our
forecasting questions and elicited forecasts. Section 3 presents the evidence that our model
forecasts are well-calibrated: on resolved real-world questions from ForecastBench, on low-
probability events in simulated worlds, and on causal conditionals. Section 4 reports the panel’s
unconditional forecasts and the policy-conditional forecasts. Section 5 discusses what we have
learned from calibrating the ensemble and how our results should be interpreted; Section 6
examines potential limitations to this approach, and Section 7 concludes.

2 Producing Forecasts

2.1 Question Formulation

To generate the questions for this exercise, we draw on earlier work by researchers at the Fore-
casting Research Institute (FRI). Using question formulations from prior studies lets us compare
AT model forecasts with those of human forecasters, including subject matter experts and super-
forecasters. Specifically, we reuse question formulations on the risk of catastrophe and Al-related

2We are performing additional tests of these claims, which we plan to release in the near future. We plan
to elicit model-based forecasts of both real-world low-probability events as well as intermediate events related in
various ways to Al progress and risks (such as model capability progress).



catastrophe from the Existential Risk Persuasion Tournament (conducted in 2022; Karger et al.,
2023) and we adapt question formulations from more recent work on biosecurity (Williams et
al., 2026) and cybersecurity risks from AI (Ceppas de Castro et al., 2026). We updated these
questions to suit the goals of this dashboard (e.g., removing a requirement that Al involvement
occur in the year prior to the event) to better capture current thinking on Al risks. However, we
think comparing these updated questions to human forecasts on very similar questions is still
worthwhile.

We used the policy descriptions from a forthcoming survey of the FRI Longitudinal Expert
AT Panel (Forecasting Research Institute, 2026). We developed these policy descriptions from
a survey of Al policy proposals published in think tank reports and measures proposed by US
politicians. We developed a long list of published policy proposals and, with input from external
Al policy experts, refined it to six policies considered plausible and potentially impactful on Al
risk.

We also added new questions where prior human forecasting left gaps in the discussion of
mechanisms. These new questions include the probability of human disempowerment from Al
and incidents arising from AI misalignment. We consulted with a superforecaster to ensure that
all questions were precise enough to allow meaningful forecasting.

All four incident categories—any Al-related incident, Al-related human-caused epidemic,
Al-related cyber incident, and misaligned Al incident—use the same eight severity thresholds.
Each is defined by deaths (or equivalent morbidity) or economic damages, with $2.2 million per
death-equivalent; for example, 100,000 deaths or $220 billion. Appendix A reproduces the full
resolution criteria.

2.2 Eliciting Model Forecasts

We elicit forecasts from an ensemble of the top four highest-scoring models on the Epoch Capa-
bility Index (ECI), skipping within-family models (e.g., if Fable 5.1 is ranked second and Fable
5 is ranked fourth, we use only Fable 5.1). As of the time of this writing, these models are
GPT-6 Astra, Fable 5.1, Opus 5, GPT-5.5 Pro. For each unconditional question and horizon,
the ensemble forecast is the unweighted median of the four model probabilities. For conditional
forecasts, we first divide each model’s conditional probability by its own same-session uncondi-
tional probability, then take the median of the log ratios and exponentiate. With four models,
this is the geometric midpoint of the two middle numbers. When we talk about ensemble mul-
tipliers of unconditional risk below, we are referring to the relative increase or decrease in risk
implied by the ensemble forecast, calculated across top models.

We provide each model with the full survey instrument in a single prompt of 35 questions
grouped by cause of catastrophe, each with its own resolution criteria and the horizons it is
asked over (210 question—horizon cells), followed by the 14 conditions under which every cell is
forecast (unconditional, 8 policy conditions, and 5 capability conditions). Each model answers
the questions in one forecasting session, which can include multiple research and submission
phases. In initial experiments, asking related questions together raised internal coherence with-
out reducing accuracy. A system prompt asks for calibrated, evidence-grounded probabilities,
and the harness withholds the submission tool until at least 10 web searches or page reads have
been completed. Appendix A reproduces the system prompt, the framing of the user prompt,
and representative question and condition blocks verbatim.

Following the prompt, each model conducts its own research via an agentic harness: a prompt
asks it to investigate recent developments, expert reports, and published estimates for each cause



of catastrophe, read important sources, and use what it learns to formulate follow-up queries.
The model chooses searches, receives results, and decides what to investigate next. We produce
the elicitation prompts, forecasts, shared rationales, and model-gathered evidence in the raw
records available through the dashboard’s “Download Forecasts” feature. All models receive the
forecasting date and questions and use the same web-search and page-reading tools, supplied
via Tavily. Models do not have access to their previous forecasting sessions.

3 Validating Model Forecasts

Since our forecasts resolve at timescales ranging from a few months to decades, we cannot
score them directly. We take three complementary approaches to assessing whether our models
are calibrated on questions of this kind: real resolutions from ForecastBench, simulated worlds
whose rare events resolve by the thousand, and tests of how updating and anchoring behaviors
vary with model capability.

ForecastBench. ForecastBench (Karger et al., 2025) asks models and, in one 2024 round,
superforecasters, to forecast on overlapping subsets of real-world forecasting questions. While
the 2024 superforecaster questions largely resolved prior to this project’s release, we can use
our models’ most recent ForecastBench resolution data to explore calibration and accuracy of
model and human forecasts. Figure 2 plots each forecaster’s own deciles of predictions against
observed frequency. Vertical displacement from the diagonal is miscalibration; horizontal spacing
is resolution (these components are terms of the Brier score). Despite high overall accuracy,
superforecasters show some favorite-longshot bias, with low-probability events occurring less
frequently than they forecast and high-probability events occurring more frequently. Recently
released models appear to show less favorite-longshot bias and have overall Brier scores similar
to human superforecasters.

Simulated worlds. Some of the catastrophic risks we forecast are low-probability events
according to models. While ForecastBench gives us real-world question resolutions, the data to
date contain too few low-probability events to reliably assess forecasting capability, especially
for more recent models; by nature, low-probability events are scarce in the historical record. To
address this, we use two simulators from FBSim (Lee et al., 2026), a simulated-world forecasting
benchmark that can generate questions of arbitrary true probability. Our first simulator is
a FreeCiv (Civilization-style) game world, with 25,919 binary questions (e.g., “Will Nuclear
Fission be discovered by turn 70?”) all falling in the 1-9% true probability range. Our second
simulator is StarSim, an agent-based epidemic simulator, in which cumulative-infection threshold
questions fall into the 1-5% base-rate range. For each simulator, models see only the question
and a summary of the state of the world (a ‘world report’) at the snapshot turn or day; they
never see the base rates, so the task is partly to estimate them. We score accuracy against an
oracle that sees all simulations in the corpus except the one it forecasts, giving the oracle model
a good sense of base rates. We believe this oracle would be very challenging for any forecaster to
beat; events are rare enough that estimating their true probability requires forecasters to engage
with and reason about game mechanics. We score 16 models spanning Epoch Capabilities Index
114-163. We find that accuracy is strongly associated with model capability, with the most
capable models approaching the true base rate of questions (Figure 3).
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Causal conditionals. The policy forecasts in Section 4 ask a model to forecast events in
response to a hypothetical intervention. To understand how well-calibrated our models are in
causal forecasting, we use the same epidemic simulator we used for low-probability events: given
a stated world and its observed trajectory, models forecast new infections with and without a vac-
cination campaign, in separate prompts, and we compare the true distribution from simulations
run over different random seeds to the forecasts of models (Figure 4). Frontier models recover
most of the recoverable skill under intervention (median 0.78 of the distance to the simulator’s
distribution, and the skill rises with capability (Spearman p = 40.68, n = 23, p = 0.0003),
whereas the unconditional baseline does not (p = +0.27, p = 0.21) (i.e., the harder the causal
question, the more capability matters).

1.00 simulator’s own distribution
n Spearman p = +0.68 (n = 23, p = 0.0003)
[al)

g —— -5.
= ° ® GPT-5.5
O 0.75 A [ ]

[

2 ° ® ® Opus 5
F‘E ® ° .\
o ° ® ° Fable 5
o 0.50 A
3 . .
=
o ¢ L]
o
o [ ]
5 0.25 A
<
» °

L ® GPT-5 Nano

0.00 climatology
130 135 140 145 150 155 160

Epoch Capabilities Index

@® in our panel ® other models

Figure 4: Causal-conditional skill against capability. Share of recoverable CRPS that each
model’s intervention forecasts recover, pooled over three vaccine-coverage rungs (25/50/90%) in a
single-population SIR simulator with stated parameters: 1 matches the simulator’s distribution,
0 matches base-rate forecasting.

Model anchoring and updating Our forecasting protocol is designed to make sure models
review relevant information before making forecasts. This raises two questions: are models
properly updating to incorporate new information, and are they overreacting to these readings,
potentially anchoring on what they saw most recently?

For the first question, we find that better models update more in response to relevant infor-
mation and, as a result, make more accurate forecasts. We use historical ForecastBench forecasts
elicited with and without a market or crowd probability (Karger et al., 2025). For each model,
we measure how much models update towards the market forecast by regressing the change in
the model forecast on the initial gap between the model and market forecast, with no intercept.
A value of zero indicates no directional movement toward the market probability; one indicates



closing the gap on average under this weighting. Figure 5, panel A, shows that more capable
models move further toward the market probability across 64 model versions using all available
forecast rounds, whose questions and evaluation dates differ (Spearman p = 0.41; slope per ten
ECT points = 0.059, HC3 standard error = 0.020). Models scoring ten ECI points higher close
an additional 5.9% of the initial model-market gap, on average. Restricting the comparison to
19 models answering the same 153 questions in April 2026 yields a similarly high correlation
(Spearman p = 0.62; slope per ten ECI points = 0.158, HC3 standard error = 0.071). For 63 of
64 model versions, Brier scores were lower in forecasts made after exposure to the market price.

For the second question, we asked models to read fixed passages from six authors making Al-
risk-related arguments, selected to present a range of perspectives: Yann LeCun, Gary Marcus,
Toby Ord, Peter Wildeford, Geoffrey Hinton, and Eliezer Yudkowsky. We then asked models to
assess their claims and incorporate them into their forecasts. Both conditions receive the same
frozen evidence packet; the treatment adds all six authors’ passages to test whether additional
Al-related information shifts forecasts. We test whether models update at all in response to these
additional readings, and whether they update differently in response to the most recent reading.
Figure 5, panel B, reports the average absolute change across 35 unconditional catastrophic-
risk questions for 2100, comparing three baseline calls with three passage calls (in randomized
orders). More capable models update weakly less, although the point estimate is not statistically
significant. Additionally, models do not differentially update based on whether the last reading
they were exposed to was pro- or anti-Al.

These patterns are consistent with a world in which forecasts by more capable models are
more efficient. They more readily incorporate new, forecast-relevant information, but make only
small updates in response to already available information and arguments.

4 Results

4.1 Unconditional forecasts

The incident ladders show how forecast risk varies with severity and timing. At the 2030, 2050,
and 2100 horizons shown in Figure 6, cyber incidents have the highest medians among the three
domain-specific categories at low thresholds, while misalignment has the highest median at the
top rung. Cyber and biological risks are nearly tied at the top rung in 2030 and 2050, with
cyber higher in 2100. This ordering does not hold at every shorter horizon: at six months, the
biological median exceeds both other domain medians at the top rung.

Models put a 10%-of-humanity catastrophe from any cause at 1.1% by 2030 [0.7-1.6], 8.5%
by 2050 and 18.5% by 2100 (Figure 7). The corresponding Al-catastrophe medians are 0.47%,
6.0% and 12.2% at the three horizons. The Al-catastrophe median is about 45% of the all-cause
median by 2030 and 71% by 2050. The ensemble median for human disempowerment exceeds
that for AI mortality catastrophe at every reported horizon (15.5% by 2050, 28.0% by 2100).

For both anchored questions, the model ensemble median exceeds the LEAP superforecaster
median at all three shared fixed-year horizons (2030, 2050, and 2100). For the general question,
the ratios range from 1.75x to 2.83x; for Al catastrophe, they range from 4.75x to 6.82x.
These ratios are calculated before rounding the displayed probabilities; they compare forecasts
made at different dates and do not measure relative accuracy. For the unconditional forecasts,
across 1,996 implied orderings (a probability cannot fall as the horizon lengthens, the severity
threshold loosens, or the cause set widens), 100.0% hold.
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Figure 5: Model capability and forecast updating. Panel A: prediction-market probabili-
ties. Fraction of the initial model-market gap closed after exposure to the market probability,
across 64 model variants. Panel B: published catastrophic-risk arguments. Mean absolute change
across 35 unconditional forecasts for 2100 after reading six authors, in percentage points, across
28 models. Both panels use the same ECI scale; their y-axes measure different quantities. Lines
are unweighted linear fits with intercepts. Slopes are per ten ECI points, with standard errors
in parentheses. The sets of models do not overlap because the Panel B analysis was run more
recently, and many models have been deprecated.
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4.2 Conditional on policy

As described above (Section 2), we elicit forecasts on all risks conditional on a set of policies
being implemented. For the six individual policy scenarios and the combined package, all 4
models agree on the direction of the Al-catastrophe effect at 2030 and 2050 (Figure 8).

AT catastrophe (deaths reaching 10% of the population)

by 2030 (unconditional median 0.47%) by 2050 (unconditional median 6.0%)
L L ] [ L d
Status quo (no new policy) —
» ® L] xl L]
P1 Federal preemption L
) o® o e e
P2a Compute cap, US — —
® 00 o LN J [ X ]
P2b Compute cap, US + China E— —
[ ] (] LN ] [
P3a Pre-release authorization, US — —
L] o L1 0
P3b Pre-release authorization, intl. —— I
oo o o ® o o
P4 Strict liability — —
L] [ ] (] (] L N ) (]
P5 Bundle (P2b 4+ P3b + P4)
0.25% 0.5% 1x 0.25% 0.5% 1x
conditional < unconditional forecast conditional <+ unconditional forecast
® Fable 5.1 ® GPT-6 Astra ® Opus 5 mmmmcpnsemble median

® GPT-5.5 Pro

Figure 8: Effect of policy on the Al-catastrophe forecast. Bars summarize conditional-
to-unconditional probability ratios using the median on the log scale; dots are the 4 models.
Conditions are the eight LEAP Wave 12 policy scenarios.

The bundle (P5: an international compute cap, international pre-release authorization, and
strict liability) reduces the Al-catastrophe forecast by 63% by 2030 and 66% by 2050, using
the log-scale median of per-model ratios. The corresponding multipliers are 0.37x by 2030
[model range 0.24-0.54] and 0.34x by 2050. At 2050, international compute caps and pre-release
authorization alone reduce forecasts by 41% and 47%, respectively; their US-only versions reduce
forecasts by 21% and 30%. Strict liability alone reduces the forecast by 33%.

Two conditions raise risk forecasts: the status quo (1.28x) and federal preemption of state
AT law (1.24x); both policies increase risk above the unconditional ensemble forecast at 2050.
These two conditions imply that the ensemble’s unconditional forecast “prices in” some degree
of policy action.

4.3 Conditional on capability

We asked the ensemble to provide their estimates of the ECI achieved by the highest-ranking
model in six months, eliciting the 10th, 25th, 50th, 75th, and 90th percentile estimates for each
model in the ensemble. We then ask the models to forecast all risk questions conditional on
achieving those ECI scores. As of writing, the ensemble puts the frontier at 176 in March 2027
(the medians of models’ own 25th- and 75th-percentile estimates are 173 and 182). These
summaries do not define common ECI conditions shared by all models: each model conditions
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on its own percentile estimates. For comparison, the trend fitted to the September 2026 ECI
snapshot projects 176 at the target date.

All models agree that higher model capabilities lead to elevated forecasts of risk. A world at
the model’s own 25th percentile lowers the Al-catastrophe forecast to 0.71x the unconditional
by 2030 [0.60-0.82] and one at the 75th percentile raises it to 1.42x [1.24-1.70], with the same
direction of effects by 2050 (0.76x and 1.29x). Across the 9-point interquartile range the forecast
moves by 2.00x, about 8.3% per ECI point. The own-median condition produces an ensemble
ratio of 0.99x at 2030, although individual models differ. Conditioning on a variable’s median
need not reproduce an unconditional probability.

AT catastrophe (deaths reaching 10% of the population)

by 2030 (unconditional median 0.47%) by 2050 (unconditional median 6.0%)
o0 L] L ] L] L]
Own 10th pct. (ECI = 170) e —— —
L ] L ] [ 1] L]
Own 25th pct. (ECI =~ 173) — —
L] - ° o
Own 50th (median) pct. (ECI ~ 176)
o0 o o L ] LN
Own 75th pct. (ECI =~ 182) — —
e o L] L] L X ] L] L]
Own 90th pct. (ECI =~ 188) ——— ——
0.5% 1x 2% 0.5% 1x 2%
conditional + unconditional forecast conditional - unconditional forecast
® Fable 5.1 ® GPT-6 Astra ® Opus 5 mmmmecnsemble median

® GPT-5.5 Pro

Figure 9: Effect of frontier capability on the Al-catastrophe forecast. Each model first
forecasts the frontier ECI (Epoch Capabilities Index) in March 2027, 6 months after the run,
giving its own 10th, 25th, 50th, 75th and 90th percentiles; each condition then fixes the index at
one of those values (ensemble levels in parentheses) and asks the model to forecast in that world.
Bars summarize per-model ratios using the median on the log scale; dots are the 4 models.

Additional conditional forecasts are presented in Figure 10. The high-growth and low-labor-
force-participation scenarios generally have higher ensemble Al-catastrophe forecasts, consistent
with models associating these outcomes with greater Al capability. This relationship is not
uniformly monotonic: by 2030, the catastrophe median under —0.5% annual GDP growth is
higher than under 1% growth. These conditional associations do not establish that faster growth
itself causes catastrophic risk.

5 Discussion

Our results support the idea that Al forecasts can contribute to catastrophic-risk assessment.
But, model accuracy on these questions is unknown, and the dashboard is intended to im-
prove over time. Our forecasts depend on the trajectory of model capabilities, highlighting the
potential benefits of better real-time measures of frontier model capabilities for monitoring risk.
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Figure 10: Conditional risks of Al-related catastrophes. Probabilities of Al-related catas-
trophes causing the death of at least 10% of the global population by 2030, 2050, and 2100,
conditional on the outcomes shown in each panel, using the median of four models.
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How do these forecasts compare to forecasts from humans? We have comparison data for
some of the dashboard’s questions, and we can also compare to prior work using related but
different questions. The ensemble forecast of Al catastrophic risk produces consistently larger
estimates than human Al experts who are asked the same question. In May 2026—June 2026,
the median AT expert in the LEAP forecasted a 0.3% probability of Al causing the death of
more than 10% of humans by the end of 2030 and 2% by the end of 2050, while our ensemble
produced 0.47% by 2030, 6.0% by 2050. The median superforecaster put these figures lower, at
0.1% and 0.88% respectively.

Substantively, the models assign appreciable probabilities to some incident thresholds even
over short horizons. The category ordering depends on severity and timing: cyber incidents
lead at lower death-or-damage thresholds, while misalignment leads at the 1 billion+ deaths
or equivalent after 2030. At six months, biological risk is most likely to lead to catastro-
phe.? Human-disempowerment medians exceed the AI mortality-catastrophe medians at every
reported horizon, including six months.

The models forecast that several policies could mitigate risk, but policy responses must weigh
these risks against the considerable potential benefits of further Al development.

Practically, we believe our dashboard can contribute to decision-making through a few chan-
nels:

Quantifying Risk Assessment Currently, Al companies assess risk using (often bespoke)
benchmarks around critical areas like nuclear or biological risk, creating “redlines” that, if
crossed, would justify withholding a model or delaying its release. Our forecasts can systematize
these analyses. Conditional forecasts relate risk to benchmarks achieved by publicly released
models. Thus, companies and regulators can determine the increase in risk and associated cost
of missing a specific benchmark. Al companies can simulate how the ensemble updates forecasts
conditional on a given model’s performance. This approach makes it easier for companies to
quantitatively determine risks incurred from new models and provides policymakers with an
apples-to-apples comparison of risks over time and across companies and models.

Estimating the value of policies Our counterfactual forecasts provide policymakers with
a common-unit benchmark for comparing policies in terms of effectiveness. Our ensemble can
create an ordinal ranking of policies by efficacy. While our current, preliminary work looks only
at the benefit of policy from catastrophe reduction, future work will also consider the downside
to economic growth, life expectancy, or other measures. A future version of this general method
could allow policymakers a more flexible “sandbox” for experimenting with and estimating the
relative value of policies under consideration.

Determining what additional information might be most helpful Conditional fore-
casts can be used to identify areas of uncertainty and which outcomes have the highest value of
information, to help prioritize monitoring and information-gathering.

A central aim of the project is to improve forecasts over time through repeated measurement,
transparent definitions, and evaluation on questions that resolve sooner. Our forecasts will track

3The first severity rung at which misalignment exceeds cyber within six months is 100 million for GPT-6 Astra
and GPT-5.5 Pro, and 10 million for Fable 5.1. Opus 5 has no such crossover among the eight rungs. Each rung
refers to deaths or equivalent morbidity, or the corresponding economic damages.
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changes over time, providing evidence for how catastrophic risk responds to events and mitigation
efforts, including both capability increases and breakthroughs in model alignment techniques.

6 Limitations

This work has some important limitations. First, it is unclear how well our measures of forecast-
ing accuracy — from ForecastBench and simulated worlds — correlate with forecasting accuracy
on the questions we present here. ForecastBench measures performance on two types of binary
questions: questions that resolve using time-series databases (such as inflation or pandemic
deaths), and questions based on prediction markets and public forecasting platforms. For both
question types, events are generally not rare, and forecasts usually have substantial time-series
data to base them on, unlike forecasts of catastrophic events. These limitations are addressed by
using simulated worlds to assess forecasting accuracy on low-probability events. However, the
relationship between specifically low-probability simulated-world forecasting and low-probability
real-world forecasting is not yet well-established. These proxies provide reasons to investigate
model forecasts, but do not establish that frontier models are as accurate as the best human
forecasters on the specific question of catastrophic risks from AI. We are developing additional
methods to assess Al model accuracy across different types of forecasting and will update the
dashboard as we develop more evidence.

Another limitation is that the dashboard’s forecasts rely only on public information. Much
information relevant to forecasting Al risks is private, including information from AI companies
and classified national security information. In particular, frontier AI companies likely possess
private information about capabilities and risks, so model forecasts would likely need access to
proprietary information from companies to warn against potential risks arising from internal
development and deployment (Abaluck, 2026).

Finally, the existence of this dashboard could itself make the forecasts less reliable. Pub-
lishing these forecasts means they may appear in the training corpus for future Al models,
potentially reinforcing the forecasts. Furthermore, as models become more sophisticated, Al
companies or models may collude or otherwise conceal data from automated forecasts, espe-
cially if policy responses are contingent on these forecasts. We can mitigate these risks, for
example, by using suites of forecasting models that report reasoning quite transparently. We
plan to explore these and other options for mitigating the risk of insincere forecasts and collusion
in future work.

7 Conclusion

We report results from a new dashboard that tracks Al forecasts of catastrophic risk over time,
where a catastrophe is an event whose attributable deaths reach at least 10% of the population
alive at the start of the forecast window. Models place the risk of such a catastrophe by
2030 at 1.1% (models span 0.7-1.6%), rising to 8.5% by 2050 (3.2-11.0%). The corresponding
Al-catastrophe medians are 0.47% by 2030 and 6.0% by 2050. Separately, at the highest death-
or-damage incident rung, misaligned AT incidents have the highest domain-specific median at
the 2030, 2050 and 2100 horizons. Cyber and biological risks are nearly tied at this threshold
in 2030 and 2050, with cyber higher in 2100. These overlapping incident categories do not
decompose the deaths-only catastrophe forecast. We also present new evidence that forecasts
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from higher-capability models improve specifically for low-probability events, and that the best
models exhibit less favorite-longshot bias than superforecasters.

Our dashboard provides information on catastrophic risks from Al to inform policymakers
and regulators. The dashboard indicates how this risk is changing in response to new develop-
ments in Al progress and policy. It complements, not replaces, other approaches policymakers
use to explore, understand, and mitigate Al risk.

Any forecast — including forecasts of rare events — can only be empirically validated by
defining classes of related events and testing performance on those events. The difference between
predicting catastrophic risk in 2100 and who will win the world series in 2026 is that we so far
observe few indicators that we have a firm basis for thinking correlate with the realization of
catastrophes in 2090. But it is still possible to construct and validate more such indicators given
underlying assumptions about how events relate, and more feasible for shorter term predictions.

In future work, we plan to continue validating and extending our dashboard by creating
ensemble forecasts and a larger set of intermediate questions related in various ways to endpoint
catastrophic risk. These intermediate questions will both serve as validation tools and provide
inputs that future models can use to inform their risk assessments. Finally, we will continue to
augment the dashboard to include counterfactual forecasts to better understand the costs and
benefits of proposed mitigation policies on risk.
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A The elicitation prompt

Protocol unified-joint-combined-v5, as sent on September 2026. The question set contains
35 questions; the four shown are representative, and every incident-ladder question shares the
criteria block that follows them.

System prompt

You are a careful probabilistic forecaster producing calibrated
probabilities for catastrophic-risk questions. Ground your forecast in
evidence, and gather it in steps: web_search for current events, expert
reports, base rates and published estimates; read_page to read the results
that matter in full; then search again on what you learned. Let each round
shape the next query. Before you estimate, check what has happened recently
on each cause (web_search with recent_days, counted back from today’s date
in your prompt). The submission tools (submit_cells, submit_forecast) are
offered only after at least 10 tool calls have returned (searches or page
reads); stop once more searching would not move a number. Reason from base
rates first, then adjust. These are low-probability questions --- beware
both dismissing tail risk as zero and inflating it for vividness. When
done, call submit_forecast.

User prompt
Today is 2026-09-10.

Below are 35 forecasting questions, grouped by cause of catastrophe.
Forecast all of them together, in one pass -- and forecast every question x
horizon cell under each of the 14 conditions listed in the CONDITIONS
section that follows the questions: once unconditionally, and once under
each condition in each of its 2 groups (policy conditions and capability
conditions). Every condition is taken on its own; no condition from one
group is combined with a condition from another.

--- catastrophe:general (severity: deaths reaching 10% of the population)
What is the probability that any global catastrophe (deaths reaching at
least 10% of the population alive at the start of the measurement window)
will occur within 6 months / within 12 months / by the end of 2028 / by the
end of 2030 / by the end of 2050 / by the end of 21007

Horizons for this question: 6mo, 12mo, 2028, 2030, 2050, 2100

Resolution criteria:

* Catastrophe threshold and the measurement window: A catastrophe at the
107% level means that deaths attributable to the catastrophe (excess
mortality, i.e., deaths beyond the baseline that would have occurred anyway)
reach at least 107 of the population alive at the start of the measurement
window.

* The measurement window is any contiguous period of at most five years
during which the attributable deaths accumulate to the threshold. The
window must begin on or after December 31, 2025 and end on or before
December 31 of the resolution year (2030, 2050, or 2100). A faster event;
the five years is a ceiling on the span over which deaths are counted, not a
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required duration.

* For a threshold to resolve positively, the deaths must arise from a single
catastrophe or a single causally-linked chain of events, not from summing
unrelated causes.

* Data and disagreement: For fatality and population data, we will rely on
broadly recognized sources (e.g., Our World in Data, the Economist, the
United Nations). Where these disagree in ways that would change resolution,
we will resolve by the majority opinion of a panel of experts in
demographics and fields relevant to the specific catastrophe (e.g.,
epidemiology for a pandemic). If reasonable people disagree about whether
the event occurred, the question resolves via the same expert panel.

* [Scope of "the resolution year", added 2026-08-28 when these questions
moved onto the incident ladder’s horizon grid: read it as the resolution
date of whichever horizon you are answering, which for a rolling horizon is
that many months after today’s date. The rule is otherwise unchanged -- the
measurement window still begins on or after December 31, 2025, must end on
or before that resolution date, and still spans at most five years.]

--- catastrophe:ai (severity: deaths reaching 10% of the population) ---
What is the probability that a global AI-related catastrophe (AI being the
proximate cause, per the but-for standard, of attributable deaths reaching
at least 10% of the population alive at the start of the measurement window)
will occur within 6 months / within 12 months / by the end of 2028 / by the
end of 2030 / by the end of 2050 / by the end of 21007

Horizons for this question: 6mo, 12mo, 2028, 2030, 2050, 2100

Resolution criteria:

* Catastrophe threshold and the measurement window: A catastrophe at the
107% level means that deaths attributable to the catastrophe (excess
mortality, i.e., deaths beyond the baseline that would have occurred anyway)
reach at least 10% of the population alive at the start of the measurement
window.

* The measurement window is any contiguous period of at most five years
during which the attributable deaths accumulate to the threshold. The
window must begin on or after December 31, 2025 and end on or before
December 31 of the resolution year (2030, 2050, or 2100). A faster event;
the five years is a ceiling on the span over which deaths are counted, not a
required duration.

* For a threshold to resolve positively, the deaths must arise from a single
catastrophe or a single causally-linked chain of events, not from summing
unrelated causes.

* Data and disagreement: For fatality and population data, we will rely on
broadly recognized sources (e.g., Our World in Data, the Economist, the
United Nations). Where these disagree in ways that would change resolution,
we will resolve by the majority opinion of a panel of experts in
demographics and fields relevant to the specific catastrophe (e.g.,
epidemiology for a pandemic). If reasonable people disagree about whether
the event occurred, the question resolves via the same expert panel.

[Carried forward from "General large-scale catastrophe"]

* The points above also apply to this question.
* Artificial intelligence: Defined as the development of machines capable
of sophisticated (intelligent) information processing (Dafoe 2018, AI
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Governance: A Research Agenda, p. 5 fn. 2).

* AI as proximate cause (but-for standard): We consider AI a proximate
cause of death under a but-for test: the event would not have occurred, or
would have been counterfactually extremely unlikely to occur, but for the
substantial involvement of AI.

* Examples that count: an AI-powered system directly killing people at the
relevant magnitude; AI autonomously triggering a nuclear launch (including
deaths from subsequent nuclear winter); AI being substantially responsible
for creating a superweapon that later causes deaths at the relevant
magnitude; AI acting autonomously in armed conflict and causing deaths at
the relevant magnitude.

* Examples that do not count: AI assisting in targeting a weapon that
humans could and would have launched anyway (the AI did not counterfactually
enable the event).

* There is no fixed time limit between the AI’s involvement and the deaths.
Creation of a superweapon may precede its use by years and still satisfy the
but-for standard; the test is counterfactual materiality, rather than
timing.

* [Scope of "the resolution year", added 2026-08-28 when these questions
moved onto the incident ladder’s horizon grid: read it as the resolution
date of whichever horizon you are answering, which for a rolling horizon is
that many months after today’s date. The rule is otherwise unchanged -- the
measurement window still begins on or after December 31, 2025, must end on
or before that resolution date, and still spans at most five years.]

--- disempowerment (severity: not applicable) ---

What is the probability that disempowerment of humanity will occur within 6
months / within 12 months / by the end of 2028 / by the end of 2030 / by the
end of 2050 / by the end of 21007

Horizons for this question: 6mo, 12mo, 2028, 2030, 2050, 2100

Resolution criteria:

* Disempowerment of humanity is defined as a state where AI systems are the
primary determinant of human events globally.

* This could occur via an overt takeover, where an AI system takes control
of global systems of power (such as national governments, international
organizations, multinational corporations) and humans have no role in
executing power. It could also occur if the majority of human events are
determined by AI decision, even if humans are nominally in control but
humans could not behave differently if they wanted to, for example because
they do not understand the decisions well enough to make a decision, or they
are coerced into certain actions due to threats or other means.

--- ladder:ai:100 (severity: 100 deaths or $220M) ---

What is the probability that one or more AI-related incidents cumulatively
causes 100 deaths (or equivalent morbidity) or $220 million in economic
damages within 6 months / within 12 months / by the end of 2028 / by the end
of 2030 / by the end of 2050 / by the end of 21007

Horizons for this question: 6mo, 12mo, 2028, 2030, 2050, 2100

Resolution criteria:

* An incident is considered ¢‘AI-related’’ if it would not occur, or not
reach the severity threshold, but for the substantial involvement of AI.
* An AI-related incident could be an AI-related human-caused epidemic, an
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AI-related cyber incident, a misaligned AI incident, or a different type of
ATl-related incident.

Perfect Knowledge:

* Perfect-knowledge clause: Assume we have perfect knowledge of the cause
of each event, the intent and identity of the actors involved (including
whether an AI system was involved and in what role), and the technical
attribution. We want your view on the damages resulting from these events,
not on the probability that they would be correctly identified or
attributed.

* Incident categories could overlap; for example, a misaligned AI incident
could also be counted as an AI-related cyber incident, provided such an
incident met the defined thresholds for each category.

Severity:

* The figure of [X] deaths refers to global excess mortality that is
believed to be attributed to the incident(s).

* The deaths do not need to be directly attributed to the incident but if
there is an alternative reason for excess mortality to increase in a
location (e.g. due to conflict) then the excess mortality for that region
will not be counted as deaths as a result of the incident. E.g., famine
deaths that would not have occurred absent the incident would count, while
deaths due to a conflict that likely would have occurred anyway would not.

* For this question to resolve positively, more than X million excess deaths
attributable to the incident must occur within a 3-year period, beginning
from the onset of the incident.

* In the absence of a published estimate, we will defer to the majority
opinion of a panel of at least five experts to determine if this criterion
has been met.

* Equivalent morbidity is defined as roughly 10 QALYs per death, e.g. 100
million QALYs is intended to represent morbidity roughly equivalent to 10
million deaths.

* A quality-adjusted life year (QALY) is a measure used in health economics
that combines both the length and quality of life, where one QALY equals one
year lived in perfect health. It’s calculated by multiplying the number of
years lived by a quality score between O (death) and 1 (perfect health),
allowing comparison of different health interventions’ effectiveness.

* An estimate of QALYs lost due to the pathogen that is published in a
peer-reviewed journal, or by an international organization such as the World
Health Organization or World Bank, would be sufficient to resolve this
question.

* In the absence of such an estimate, we will defer to the majority opinion
of a panel of at least five experts to determine if this criterion has been
met.

* Economic damages: Economic damages refer to global economic costs
attributable to the event, beginning from the start of the event and
extending to three years after the event onset. These include:

* Direct economic losses --- e.g., reduced productivity and income (commonly
estimated as a reduction in GDP); costs of response, remediation, recovery,
and decontamination; destroyed or unrecoverable data and hardware; ransoms
paid; medical and public-health response costs; regulatory penalties tied to
the event.

* Monetized mortality, using a value of a statistical life (VSL) of $2.2
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million, regardless of the geographic distribution of fatalities.

* Exclude purely notional losses such as declines in market capitalization
or share price that do not correspond to real resource costs. Give all
estimates in 2026 USD.

* Resolution sources: Assume access to authoritative assessments, which may
include estimates from the WHO, World Bank, IMF, national cybersecurity
agencies (e.g., CISA, ENISA), major insurers and reinsurers,
incident-response and threat-intelligence firms, and academic
epidemiological and economic-modeling groups. Where multiple analyses
exist, we will use the consensus or median; absent that, we will defer to
the majority opinion of a panel of at least five experts.

Dates:

* Count only incidents whose onset falls within the specified counting
interval, beginning on the elicitation date. All dates refer to UTC
calendar dates, inclusive of the stated start and end dates.

* For six- and twelve-month horizons, the interval ends that many calendar
months after the elicitation date. For a fixed-year horizon, it ends on
December 31 of the named year. The exact start and end dates are supplied
with this forecast. Every later elicitation starts a new counting interval;
there is no permanent project-start or calendar-year baseline.

* Exclude incidents that began before the interval, including their later
harms. New reporting, additional losses or later AI involvement does not by
itself establish a new incident onset.

* For each eligible incident, count attributable mortality, equivalent
morbidity and economic damages within its first three years after omset,
under the severity definitions above. Harm after the interval’s end date
can count if it falls within that incident’s three-year harm window. The
horizon is an onset deadline, not a deadline for all harm to occur.

* These date rules apply to all four incident categories only; the separate
large-scale-catastrophe and human-disempowerment questions retain their own
date criteria.

Incident onset intervals (inclusive UTC calendar dates):

6mo: 2026-09-10 through 2027-03-10

12mo: 2026-09-10 through 2027-09-10

2028: 2026-09-10 through 2028-12-31

2030: 2026-09-10 through 2030-12-31

2050: 2026-09-10 through 2050-12-31

2100: 2026-09-10 through 2100-12-31 These are onset intervals only. Count
each eligible incident’s first three years of harm, including harm after its
onset deadline. The separate catastrophe and disempowerment questions
retain their own criteria.

Definitions. ECI: the Epoch Capabilities Index, published by Epoch AI -- a
single score summarising a model’s results across dozens of benchmarks, fit
with an item-response model so that scores stay comparable as benchmarks
saturate and new ones are added. Higher is more capable; the scale has no
ceiling. All scores here are on the scale as published by Epoch on
2026-09-10.

Frontier ECI: the highest ECI score of any publicly released model from a US
developer, as scored by Epoch.

Frontier ECI history -- every release by a US developer that set a new high,
best variant per model, from GPT-4 on (Epoch’s index of 2026-09-10, 19
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models scored):

2026-02-05 156.
2026-03-05 158.
2026-04-23 159.
2026-04-23 162.

GPT-5.3 Codex (high)

GPT-5.4 Pro (xhigh)

GPT-5.5 (xhigh)

GPT-5.5 Pro (xhigh)

2026-06-09  162.9 Claude Fable 5 (max)

2026-09-03  169. GPT-6 Astra (high)

As of 2026-09-10 no released model has scored above GPT-6 Astra (high),
169.2 (2026-09-03).

2024-02-29 126.9 Claude 3 Opus
2024-04-09 127.2 GPT-4 Turbo (Apr 2024)
2024-05-13 129.0 GPT-40 (May 2024)
2024-06-20 130.0 Claude 3.5 Sonnet (Jun 2024)
2024-09-12 135.8 ol-mini (high)
2024-12-17 141.9 ol (high)
2025-03-31 144.2 Gemini 2.5 Pro Preview (Mar 2025)
2025-04-16 146.9 03 (high)
2025-06-10 147.5 o3-pro
2025-08-07 150.0 GPT-5 (low)
2025-10-07 150.3 GPT-5 Pro
2025-11-18 152.9 Gemini 3 Pro Preview
2025-12-11 155.3 GPT-5.2 Pro

4
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Step 1 -- Forecast the frontier ECI on March 10, 2027, on the scale above.
Give your 10th, 25th, 50th, 75th and 90th percentiles as eci_forecast (pl0,
p25, p50, p75, p90; numbers, with pl0 <= p25 <= p50 <= p75 <= p90): your
50th percentile is the value you think the frontier is equally likely to end
up above or below, your 25th and 75th bracket the middle half of your
distribution, and your 10th and 90th bracket the middle four-fifths.

Step 2 -- each question x horizon cell takes 14 probabilities, keyed by the
condition ids below: wunconditional, then the 8 policy conditions (POLICY
CONDITIONS), then the 5 capability conditions (CAPABILITY CONDITIONS). Every
condition stands alone: a policy condition is not combined with any
capability condition, and a capability condition is not combined with any
policy condition. Each section below states what its conditions assume
about the other.

--- unconditional ---

Unconditional: forecast the world as you expect it to unfold, including AI
policies you expect to be implemented and whatever level of AI capability
you expect to be reached by March 10, 2027.

For each condition below, assume that the relevant governing body implements
the policy immediately and that it remains in effect through December 31,
2050. In making this assumption, try to hold other factors constant and
treat the policy implementation as exogenous. In other words, do not assume
that implementation of a more stringent policy implies that the world is —--—-
in fact -—- more risky. We want your forecast of how risk changes as a
result of the policy’s implementation, not vice versa.

In every policy condition, assume that AI capability progresses along your
median trajectory -- in particular, that the frontier ECI on March 10, 2027
is approximately your 50th-percentile value from eci_forecast (within about
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two points of it), the same level as condition eci_p50 in the CAPABILITY
CONDITIONS section.

Definitions. Frontier model: a model trained with more than approximately
10726 FLOP, or a regulator-updated equivalent as algorithmic efficiency
improves.

Horizon: every condition is implemented immediately and remains in force
through December 31, 2050.

-— sq ---
Status quo (no new substantial AI policy) (Status Quo).

Condition: Assume no new, substantial AI policy is adopted in China, the
US, or any other jurisdiction hosting a frontier model from today through
December 31, 2050. Existing measures remain in force as they stand today,
but nothing substantial is added. By "substantial AI policy’’ we mean
reflecting similar or greater stringency compared to those listed in this
survey.

Note that this is conceptually distinct from Unconditional, for which you
should forecast the world as you expect it to unfold, including AI policies
you expect to be implemented.

The policies listed in this survey, for the stringency comparison:

- P1: A US federal statute or action barring states from regulating AI more
strictly than the federal government.

- P2: Unilateral decision by US policymakers or a bilateral/multilateral
decision made jointly by policymakers in China and the United States to slow
the development of frontier AI systems.

- P3: A binding requirement that frontier models be vetted and authorized
before release, imposed by a US federal body or by an international body.

- P4: A US federal statute treating frontier model training and deployment
as an abnormally dangerous activity subject to strict liability (i.e., a
regime under which a developer is liable for harms its models cause without
the injured party having to prove the developer was careless or the model
defective). The statute permits damages reflecting the expected magnitude
of unrealized harm the conduct made more likely and requires developers to
be insured for their liability.

- P5: Assume all three policies are in force: a binding US--China measure
slowing frontier AI development, an international body (with member
jurisdictions including the US and China) holding pre-release authorization
power over frontier models, and federal strict liability for frontier AI
harms.

For each condition below, assume that the frontier ECI on March 10, 2027 is
approximately the value you gave for that percentile in eci_forecast (within
about two points of it). Treat it as a fact you have learned about the
world, not as an intervention: update your expectations about everything

that would ordinarily accompany that level of capability -- investment,
compute, algorithmic progress, deployment, and how governments and
developers respond -- as you would upon learning it, and then forecast each

question in that world. Do not hold other factors fixed where the stated
level would change them.

No policy condition applies here. As in the unconditional forecast, assume
whatever AI policies you expect to be implemented -- not any of the
conditions in the POLICY CONDITIONS section.
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Horizon: every condition is a level of the frontier ECI on March 10, 2027.

--- eci_pb0 --—-

Frontier ECI 6 months from the run date = your 50th percentile.

Condition: Assume that on March 10, 2027 the frontier ECI is approximately
your 50th-percentile value from eci_forecast (within about two points of
it).

Horizons: 6mo (within 6 months (by 2027-03-10)), 12mo (within 12 months (by
2027-09-10)), 2028 (by 2028), 2030 (by 2030), 2050 (by 2050), 2100 (by
2100). Each question names the ones it is asked over -- answer those and no
others.

Research before answering, in rounds: search for the recent developments,
base rates and expert estimates that bear on each cause of catastrophe, read
the pages that matter most, and search again on what you learn. The
conditions need no searching of their own -- they are assumptions, applied
to the same evidence. Deliver the probabilities with submit_cells, in as
many calls as you like: any subset of the 210 question x horizon cells per
call, each cell with a probability in [0,1] under each of the 14 conditions
(2940 probabilities, keyed by condition id); a later call for a cell
replaces the earlier one. Then call submit_forecast ONCE, with your
eci_forecast (5 numbers) and a 3-6 sentence rationale covering the whole
set, the key sources you relied on (only pages you read), and any cells not
yet delivered.
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