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Evaluating Long-Form Forecasts by Their Effect on Downstream Predictions
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Abstract
Language model evaluations for judgmental fore-
casting currently test multiple-choice or short-
answer predictions to fully specified questions.
However, when reasoning about the future, the rel-
evant questions aren’t known in advance, making
real-world forecasting inherently open-ended. In
this work, we study how to evaluate responses to
questions like “How will AI capabilities progress
by 2027?”, which have no single ground truth.
Our key contribution is measuring the quality of
a long-form forecast by how it updates the world
model of a downstream predictor. Specifically,
we measure how much the predictive accuracy of
weaker models improves on a sample of world
events, once provided the long-form forecast in-
context. We test seven frontier models under
this framework, finding meaningful differences
in their long-form forecasts about AI progress.
We hope our methodology helps measure and
improve the quality of forecasts for long-term
decision-making.

1. Introduction
Language model forecasting evaluations currently focus on
fully specified, short answer forecasting questions (Karger
et al., 2025; Yang et al., 2026; Chandak et al., 2026). While
this setting has clear resolution criteria and proper scoring
rules, it fails to capture open-ended real-world forecasting
questions which decision-makers are often interested in. For
example, “How would AI breakthroughs progress in 2027?”,
or “What effect will the development of AGI have on our
society”.

These open-ended questions elicit long-form responses, au-
tomatic evaluations for which have been a long-standing
challenge in language modelling (Hovy, 1999). Over the
years, many proxy evaluation metrics based on lexical over-
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Figure 1. Elo scores of long-form forecasts by frontier language
models based on our proposed evaluation framework. For pairwise
comparison datapoints between models, we use the downstream
brier skill scores obtained when predictions based on the long-form
foreast are made on verifiable questions.

lap (Papineni et al., 2002), and more recently language
model judges (Zheng et al., 2023) have been proposed. Yet,
they all require access to a reference solution or high quality
rubrics (Arora et al., 2025), which are hard to create for
forecasting given it is extremely challenging for humans as
well.

Specifically for long-form forecasts, evaluations must cor-
rectly weigh multiple desiderata for claims made, like cor-
rectness, importance, surprise, and calibrated confidence. In
this work, we show these desiderata can be captured into a
unified evaluation based on the downstream utility of a long-
form forecast in leading to directionally correct updates in
it’s readers beliefs about the world.

We benchmark frontier models at generating long-form fore-
casts about a topic, by providing each forecast to weaker
models that then have to predict verifiable forecasting ques-
tions about the same topic. Better long-form forecasts
should lead to higher brier score when the weaker mod-
els are conditioned on it.

We apply this framework to forecasting AI progress, as this
is a high impact domain which is evolving rapidly, and has
large disagreements among experts. We obtain 318 verifi-
able questions about recent AI events after the knowledge
cutoff of both the long-form forecasters and downstream
prediction models we test. We validate this measurement
by ensuring that conditioning on the forecast substantially
improves brier score for the downstream predictors. Then,
we compare the long-form forecasting ability of the fron-
tier models test, finding our evaluation shows meaningful,
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statistically significant differences between closed models
like GPT 5.4 and Opus 4.6 and frontier open-weight models.
Interestingly, Grok-4 and Gemini 3.1 Pro which often score
highly on verifiable short-form forecasting benchmarks per-
form poorly at long-form forecasting, which we validate
with qualitative inspection.

Overall, our main contributions are as follows:

1. We study using language models to generate long-form
forecasts for open-ended questions about the future.

2. We ground the evaluation of these forecasts by measur-
ing how useful they are to predict verifiable questions.

3. As a proof of concept, we test frontier models on their
ability to forecast AI progress and find our evaluation
clearly separates their capability.

2. Method
We first describe our methodology for grounding long-form
forecast evaluations in verifiable outcomes, followed by how
we reduce variance within this framework.

2.1. Evaluation Framework

A long-form forecast is challenging to evaluate because it
has multiple, sometimes conflicting desiderata. For example,
four distinct dimensions for a high quality forecast are:

1. Correctness. Correct claims about the future are natu-
rally more useful than wrong ones.

2. Importance. The claims made in the forecast should
be about as important events as possible. For example,
presidential election results are more important than a
layperson’s opinion on a policy.

3. Surprise. The claims should not be trivial, and attempt
to predict an uncertain variable. For example, there is
not much value in predicting the sun will rise in the
east as there is no uncertainty in this, while predicting
whether a day will be sunny or not can be valuable.

4. Calibrated Confidence. Since forecasting involves
predicting uncertain variables, claims made by the
model should be appropriately hedged. Both over-
confidence, and underconfidence should be penalized.

One could define separate evaluations for each of these
dimensions, but then it becomes unclear how to strike a
tradeoff between these goals. For example, it is possible
to obtain high correctness by making trivial claims about
low surprise events. It is also possible that it is harder to
predict high importance events better than a crowd than low

importance personal ones. Given these goals can conflict,
in this work we ask:

Can we build a unified evaluation for long-form
forecasts that captures and weighs these desider-
ata appropriately?

We believe the impact of a long-form forecast lies in how
informative it is for its readers. This means the forecast
should update its reader’s beliefs about the world in the
right direction. More correct, important, yet surprising and
calibrated forecasts would lead to a directionally very good
update in the reader’s beliefs.

Then, how can we implement a measurement of the belief
change in reader’s given access to a long-form forecast?
We propose approximating a user’s belief state by sampling
concrete, verifiable questions about the world, and asking
the user to answer them. We can then measure the change
in scores of the downstream predictor with and without the
long-form forecast. The better the predictor performs given
the forecast, the more useful the long-form forecast is. This
effectively grounds evaluations of long-form forecasts in
verifiable outcomes through the proxy reader.

Formally, for each prediction, we compute a Brier score
against the resolved binary outcome,

Brier = (p̂− y)2,

where p̂ is the predicted probability and y ∈ {0, 1} is the
realized outcome.

For a generator g, predictor p, and question q, we define
forecast usefulness as the reduction in Brier score relative
to the same predictor without the forecast:

∆p,g
q = β̄base

p,q − β̄scen
p,g,q.

Positive ∆ means the forecast helped the predictor. We
average this quantity across questions and predictors.

2.2. Variance Reduction

Within our framework, there are multiple sources of variance
in the final evaluation metric for long-form forecasts. These
include:

• Variance in downstream predictor performance.
Given we sample questions to estimate the downstream
predictor’s belief state over the world, we must sample
a sufficient number of questions to reduce this source
of error.

• Predictor used. We want to minimize the effect of
individual idiosyncracies in downstream predictors on
the evaluation outcomes. We view this as sampling
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1. Generate forecast

Open-ended prompt

“What will be the key developments

in the AI industry from Oct 2025 to

April 2026?”

Frontier model

(forecast generator g)

Long-form forecast

2. Evaluate with downstream predictor

Binary forecasting
questions q

q₁. Will Nvidia halt chip exports

to China by Dec 2025?

q₂. Will OpenAI release a new

model before Dec 2025?

q₃. Will the EU AI Act be

enforced on GPAI by
March 2026?

q₄. Will a US state pass an AI-

liability law by April 2026?

A. Baseline · question only

Will Nvidia halt

chip exports to
China by

Dec 2025? Predictor p

P(YES)

0.31
Brier

base

B. Forecast conditioned · forecast + question

forecast +

question
Predictor p

P(YES)

0.62
Brier

scen

≈

≈

3. Measure forecast

usefulness

Combine Brier scores

Δq

(p,g)
  =  Brierbase − Brierscen

Positive Δ means the forecast

improved the downstream prediction.

Average over questions,

predictors, scenarios,

and repetitions.

Figure 2. Our proposed evaluation framework: We consider a long-form forecast useful if it informs better downstream predictions on
verifiable forecasting questions. We ensure that both the initial prompt and downstream questions are outside the knowledge cutoff of
both the forecaster and downstream predictor.

a sufficient number of readers from the population to
reduce this source of error.

• Long-form forecast generation. Since language
model outputs are sampled stochastically, there can
be variance in the quality of the long-form forecast
produced itself.

A natural way to compute variance in our final metric is
thus using a hierarchical bootstrap over each of these vari-
ables. We provide details in Section C. One shortcoming
of this approach is that the absolute change in performance
of different predictors can vary widely depending on both
their initial, and in-context reasoning ability. This is not
variance arising from the actual quantity of interest: the
ability of the long-form forecast generator, but rather the
measurement apparatus. This is why we compute and report
Elo ratings to rank the long-form forecast generators, which
is not affected by variance in absolute change in scores. We
can then treat each the change in brier skill score obtained
for each (downstream prediction, question) tuple as a pair-
wise comparison for computing Elo. We group accordingly
in our hierarchical bootstrap to obtain variances in Elo rat-
ings. Details about hierarchical bootstrap computation are
provided in Section C.

3. Experimental Setup
While our framework is broadly applicable, here we instan-
tiate it in the domain of AI asking the model to predict
the key developments in the AI ecosystem from October
2025 to April 2026, outside their knowledge cutoff. We
evaluate seven frontier models from different providers on
this aggregated set of 318 questions. For downstream ques-
tions, we source all resolved questions on AI in this time
window from prediction markets. However, this gave us
only 60 questions. To gather more questions grounded in
real-world, we synthesize 258 additional binary questions

from AI newsletters in that period following a pipeline sim-
ilar to Chandak et al. (2026). Questions were generated
synthetically from event reports, filtered for clear resolution
criteria, scenario relevance, and verifiable outcomes. Full
dataset construction details is provided in Section B.

How to efficiently obtain downstream predictors? Run-
ning downstream evaluation with real-users would be time-
taking and hard to reproduce. For this work, we use a
language model as the downstream predictor, since they are
now capable of making reasonable predictions on world
events (Yang et al., 2026) and can effectively leverage in-
formation provided in-context (Brown et al., 2020). While
language models are far from perfect simulators of human
outcomes today (Seshadri et al., 2026), it is a promising re-
search direction with rapid progress being made (Wu et al.,
2026). Our evaluation framework can be considered an
application of it.

To assess long-form forecast’s utility in a robust manner,
we measure downstream performance across three weaker
predictors each from a different model family: Llama-4-
Maverick, Gemma-3-27B, and Qwen3-30B-A3B. We use
Brier Score as the main metric for performance which is
a proper scoring rule (Guo et al., 2017). Each predictor
answers every question in two modes: 1) without the long-
form forecast (baseline brier) and 2) conditional on the
long-form forecast (conditional brier). The final score is
aggregated over 3 seeds of long-form output and over all
the downstream predictor with 3 (conditional) generations
from each of them to account for any variance.

Luckily, as a reference, we also have the AI 2027 scenario
forecast (Kokotajlo et al., 2025) which we use as a human
baseline. Additionally, we evaluate the current Wikipedia
page on AI as a long-form output baseline and also assess
compilation of past Metaculus AI questions as input to the
downstream model to see whether any past resolution help
in future prediction or not. Finally, we also measure a
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Figure 3. Mean Brier score for forecast-conditioned predictors, baselines, human-written forecasts, and a direct strong-model predictor.
Error bars are from the hierarchical bootstrap over questions, forecasts, predictors, and prediction repetitions. Lower is better. Brown bars
represent baselines and ceiling estimates, while orange bars represent the frontier models tested.

soft ceiling by directly evaluating a frontier model (Claude-
Opus-4.6) on downstream questions.

4. Results
We report performance of frontier models on two comple-
mentary metrics: absolute Brier score against baselines and
ELO ranking of frontier models estimated from paired com-
parisons. Together, these analyses showcase how useful and
accurate is a model’s long-form forecast and rank them by
the effectiveness of their forecast’s utility to downstream
predictors.

Top forecasts improve downstream predictions. Fig-
ure 3 shows that long-form forecast from frontier models
can substantially improve downstream predictions. The
best forecaster, Claude Opus 4.6, reduces mean Brier score
from the no-forecast baseline of 0.241 to 0.212, with GPT-
5.4 close behind at 0.214. These reductions showcase that
the strongest forecasts actually provide useful information
rather than merely appearing plausible.

Model-generated forecasts show a clear ranking. Fig-
ure 1 shows the ordering among the seven frontier models.
Claude Opus 4.6 is ranked first followed by GPT-5.4. GLM-
4.7 and DeepSeek-V3.2 follow closely. Surprisingly, Grok-4
and Gemini 3.1 Pro which perform well on verifiable short-
form questions (Karger et al., 2025) lag behind in their
ability to produce long-form forecasts about AI progress,
with significantly lower ELO.

Baselines distinguish generic context from relevant
forecast information. We include direct prediction and
human-written forecasts as reference points for interpret-
ing the performance of long-form forecasts. Direct Claude
Opus 4.6 prediction approximates an upper bound with the
best raw Brier score of 0.198. Human-written forecasts
provide a contrasting reference for broad, reusable forecasts
not optimized for this question set. Interestingly, the AI
2027 scenario forecast barely improves over the no-forecast
baseline. On going through it, we find it to be fairly broad
suggesting that they don’t provide enough information for
concrete downstream predictions, especially for our ques-
tion set. This should not be interpreted as frontier models
outperforming superforcasters as we evaluate only one ref-
erence point here.

5. Conclusion
We propose an evaluation framework for long-form fore-
casts based on how much they help predictions of concrete
verifiable forecasting questions. Our evaluation on fore-
casting AI progress shows interesting differences between
frontier model capabilities at long-form forecasting. This
result shows initial signs that our framework could pave
the way for grounded evaluations of long-form forecasts on
open-ended questions relevant to decision makers.
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A. Related Work
LLM forecasting benchmarks. Recent work has evalu-
ated language models as judgmental forecasters by asking
them to assign probabilities to resolved or soon-to-resolve
questions. ForecastBench (Karger et al., 2025), FutureX
(Zeng et al., 2025), and FutureX-Pro (Liu et al., 2026) pro-
vide dynamic benchmarks for tracking model forecasting
performance, often using prediction-market-style binary
or multiple-choice questions.In addition, QuantSightBench
(Qin & Andriushchenko, 2026) extends this line of evalua-
tion to numerical forecasting, assessing models’ ability to
produce prediction intervals in an agentic setting. These
benchmarks are valuable because they produce clear targets
and can be scored with proper scoring rules such as the Brier
score (Gneiting & Raftery, 2007).

Open-ended future prediction. Recent forecasting evalu-
ations have begun to move beyond binary or multiple-choice
prediction-market questions toward more open-ended for-
mulations. News-oracle evaluations (Dai et al., 2025) and
automated question-generation pipelines such as OpenEP
(Guan et al., 2024) construct future-event questions from
news and other text sources, expanding the supply of short-
form forecasting targets. OpenForecast (Wang et al., 2025)
further studies open-ended event prediction, and the Open-
Foresight scaling pipeline (Chandak et al., 2026) empha-
sizes automated construction and leakage control. These
works broaden what is forecast, but still primarily evaluate
a model’s direct answer to a predefined event-level question.
Our setting instead asks whether a model can produce a
reusable long-form forecast that improves later forecasts
about a domain, even when the exact downstream questions
are not shown to the generator.

B. Evaluation Data Construction
The AI evaluation set contains 318 resolved binary questions.
It combines a 60-question externally sourced prediction-
market subset with 258 synthetic questions grounded in AI
Newsletter material. The final file is balanced enough for
aggregate evaluation but is not forced to be exactly 50/50: it
contains 151 yes resolutions and 167 no resolutions.

External prediction-market subset. The 60-question ex-
ternal subset is the balanced market set used by the eval-
uation pipeline. It contains 35 Metaculus questions and
25 resolved questions from Kalshi, Polymarket, and Mani-
fold. We include these questions as a human-written anchor
distribution: they are naturally phrased prediction-market
questions, have external resolutions, and are not generated
by the same pipeline that produces the synthetic questions.

Synthetic newsletter subset. The 258 synthetic questions
were generated from AI Newsletter material using a shared
automated pipeline with an explicit September 2025 fore-
casting vantage and April 30, 2026 resolution date. The
pipeline generated candidate trajectory questions from 73
substantive AI Newsletter issues, structurally validated them,
removed keyword and semantic duplicates, applied a two-
judge clarity gate, and then re-derived labels using a web-
search-assisted verifier. Because article-grounded genera-
tion overproduces yes outcomes, a later pass inverted some
confirmed-yes questions into confirmed-no questions and
re-verified them. Finally, a forecast-friendly filter removed
questions that were too narrow, such as one-off product-
version lookups, and a reframing pass lifted some narrow
events into broader industry-level questions.

Filtering funnel. The automated AI Newsletter run pro-
duced 913 candidate questions. Structural validation kept
714, deduplication kept 656, the clarity gate kept 426, and
web verification kept 416. The inversion pass added 191
confirmed-no questions, yielding a 607-question audit pool
with web evidence and source URLs. The forecast-friendly
filtering and reframing stages produced a broad forecast-
relevant pool, from which the paper uses the 258-question
synthetic subset.

C. Hierarchical Bootstrap Details
All error bars are computed by non-parametric bootstrap
over the experimental hierarchy. In our experiment, there
is a single domain, so the bootstrap resamples questions
with replacement, draws long-form forecast indices from
the three forecasts per generator, resamples the downstream
predictor panel, and resamples baseline and prediction rep-
etitions; Section C gives the formal indexing scheme. For
raw Brier scores, each bootstrap iteration recomputes the
mean Brier under these resampled draws; the plotted 95%
intervals are the empirical 2.5 and 97.5 percentiles over
B = 1000 iterations.

For generator comparisons, we use the same hierarchical
resample for every generator within a bootstrap iteration.
This pairing is important: hard questions or noisy predictor
samples affect all generators together, so pairwise differ-
ences are more stable than marginal intervals on absolute
∆ values. Let Θb,g be generator g’s mean ∆ in bootstrap
iteration b. We convert the paired bootstrap matrix into
head-to-head outcomes by counting, for each pair (a, b),
how often Θ·,a > Θ·,b.

We summarize these paired outcomes with a Bradley–Terry
model. Each generator has latent skill sg , and

Pr(a ≻ b) = σ(sa − sb),

where σ is the logistic function. We fit s by maximum
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likelihood on the bootstrap win counts and center skills to
have mean zero. For interpretability, we map it to Elo via

Elog = 1000 + sg
400

ln 10
.

Elo intervals are computed by an outer bootstrap: we resam-
ple questions, rerun the paired hierarchical bootstrap, refit
Bradley–Terry, and transform the resulting skill percentiles
to Elo. Therefore, the Elo error bars reflect the uncertainty
in the ranking resulting from the entire resampling process,
rather than just the uncertainty in the optimiser during the
Bradley–Terry fit.

Let βbase
p,q,r denote the Brier score for downstream predic-

tor p ∈ P , question q ∈ {1, . . . , Q}, and baseline pre-
diction repetition r ∈ {1, 2, 3}. Let βscen

p,g,q,s,r denote the
corresponding forecast-conditioned Brier score for gener-
ator g ∈ G, forecast draw s ∈ {1, 2, 3}, and prediction
repetition r ∈ {1, 2, 3}.

For bootstrap replicate b, we sample a predictor multiset
P (b) of size |P|, a question multiset Q(b) of size Q, forecast
indices s

(b)
q ∼ Unif{1, 2, 3}, baseline repetition indices

r
(b),base
p,q ∼ Unif{1, 2, 3}, and forecast repetition indices
r
(b),scen
p,q ∼ Unif{1, 2, 3}, all with replacement. The base-

line and generator-specific means are

µ̂
(b)
base =

1

|P (b)| |Q(b)|
∑

p∈P (b)

∑
q∈Q(b)

βbase

p,q,r
(b),base
p,q

,

µ̂(b)
g =

1

|P (b)| |Q(b)|
∑

p∈P (b)

∑
q∈Q(b)

βscen

p,g,q,s
(b)
q ,r

(b),scen
p,q

.

The bootstrap improvement for generator g is

∆̂(b)
g = µ̂

(b)
base − µ̂(b)

g .

Raw Brier intervals are empirical quantiles of {µ̂(b)
g }Bb=1,

while improvement and paired-comparison quantities use
{∆̂(b)

g }Bb=1. For Bradley–Terry Elo, all generators share the
same P (b), Q(b), and repetition draws in each replicate, so
pairwise wins compare generators on matched resampled
experimental draws.

D. Predictor Capability and Scenario Use
We ran an auxiliary GPT-family ablation to test whether the
value of a long-form forecast depends on the capability of
the downstream predictor. This ablation holds the questions,
generators, and forecast texts fixed while varying only the
predictor: GPT-5.4, GPT-5.4-mini, and GPT-5.4-nano.

Figure 4 suggests a non-monotonic relationship between pre-
dictor capability and forecast benefit. At the high-capability
end, GPT-5.4 receives little measurable benefit from added

forecasts, consistent with a ceiling effect: its unconditioned
predictions already encode much of the information sup-
plied by the long-form forecast. At the low-capability end,
GPT-5.4-nano is often harmed by forecast conditioning, sug-
gesting that it may lack the reasoning capacity needed to
translate broad forecast claims into calibrated updates for
specific questions. The largest average gains occur for GPT-
5.4-mini, which appears to sit in an intermediate regime
where the model can use the forecast but still has enough
headroom to improve.

E. Additional Generator Diagnostics
Figure 5 and Figure 6 show two exploratory diagnostics
for the seven generators. These plots are not intended as
causal tests, since model release date, training data recency,
architecture, post-training, and prompt-following ability are
all confounded. They are nevertheless useful for interpreting
what the downstream-utility metric appears to reward.

The release-date trend is consistent with the idea that long-
form AI forecasts benefit from current world knowledge. A
generator with a more recent training or post-training cut-
off may better capture recent product releases, benchmark
progress, compute investments, regulation, and organiza-
tional changes that shape the question distribution. This is
especially relevant in AI progress forecasting, where the
evaluation horizon is short and the domain changes quickly.

The length trend suggests that the framework may reward
forecasts that are more thorough, not merely more accurate
at isolated facts. Longer forecasts can include more mecha-
nisms, actors, failure modes, and conditional branches, giv-
ing the downstream predictor more opportunities to connect
the forecast to a later prediction-market question. How-
ever, this diagnostic does not show that verbosity itself is
beneficial. Length may be a proxy for deliberation qual-
ity, coverage of relevant uncertainties, or model capability;
excessively long or poorly structured forecasts could still
hurt downstream prediction. Two additional checks support
this interpretation. First, the factuality analysis in ?? shows
that claim-level factual correctness alone does not determine
downstream utility. Second, the human-written reference
forecasts in Figure 3, including the Wikipedia-style baseline,
do not automatically outperform the no-forecast baseline
despite providing substantial background context. Together
these checks suggest that the framework is not simply re-
warding longer text, but rather useful forecast structure.
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Figure 4. Auxiliary GPT-family predictor ablation in which we vary the predictor’s capability level within the same model family. Positive
∆Brier means that conditioning on the long-form forecast reduced Brier score relative to the no-forecast baseline.
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Figure 5. Generator Elo versus approximate public release date. More recent models tend to perform better in this experiment. One
plausible explanation is recency of training data and post-training: models released later may have more up-to-date knowledge about AI
progress, infrastructure, policy, and market structure. Vertical bars are nested-bootstrap Elo intervals.
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Figure 6. Mean forecast length versus mean ∆Brier. Longer forecasts tend to be associated with larger downstream improvements, though
length should be interpreted as a proxy rather than a mechanism. More useful generators may write longer forecasts because they cover
more contingencies, dependencies, and conditional pathways; simply increasing length need not improve a forecast. Vertical bars are
hierarchical-bootstrap intervals for ∆Brier, and horizontal bars show the range across the generator’s three forecast samples.
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F. Prompt Ablation
We ran an early prompt-variant ablation on a 60-question
AI forecasting set using the Llama-4-Maverick downstream
predictor. Table 1 reports downstream mean Brier scores af-
ter removing leakage-tainted models from the sweep; lower
values indicate better predictions.

The planner temporal variant was selected for the
main experiments because it performed well in this sweep
while matching the intended use case: a temporally struc-
tured, decision-relevant forecast that covers multiple conse-
quential branches rather than a single most-likely path.
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Mean Brier score by long-form forecast generation prompt variant

Forecast generator Planner Planner-temp. Counterfactual Question-elicit Metaculus few-shot PT concise

Opus 0.218 0.214 0.218 0.220 0.230 0.219
Grok-4 0.221 0.228 0.221 0.220 0.253 0.242
DeepSeek 0.230 0.229 0.234 0.226 0.247 0.239
GPT-5.4 0.242 0.246 0.233 0.235 0.283 0.259

Table 1. Prompt-variant ablation on the 60-question AI forecasting set. Each cell is the downstream predictor’s mean Brier score after
conditioning on forecasts generated by the row model using the column prompt variant. Lower is better.

Planner-Temporal Forecast Prompt

User: You are forecasting AI-industry developments from October 2025 to {resolution deadline} for a decision-
maker who will use your scenario to plan ahead: investments, strategic bets, research priorities, hiring, product direction.
They do not know in advance which specific questions or decisions they will face; your forecast will be evaluated on how
well it prepares them for however reality actually unfolds.

Forecasting objective: Focus on the most impactful developments likely to shape the AI industry over this period, even
the ones which may be less likely to happen but whose occurrence would meaningfully reshape plans. Think broadly
about the whole ecosystem: for eg: capability discontinuities, breakthroughs or breakdowns, regime shifts, major policy or
geopolitical shocks, market reconfigurations, surprise entrants, compounding second-order effects. A highly consequential
outcome at 15% probability deserves as much attention as a moderately consequential one at 70%.

Uncertainty and branching: Reality can unfold in many directions, so a good scenario covers the space of impactful
possibilities rather than committing to a single path: the aim is for the forecast to remain useful however things play out.
Where an outcome has meaningfully different branches, try to mention them separately along with your assessed likelihood
to each so the reader can weight them.

Specificity requirements: Be specific enough to act on: name the actors, capabilities, thresholds, rough timing, and the
downstream consequences. Avoid vague truisms (“AI will continue to advance”, “compute will grow”).

Output structure: Structure your forecast as a temporal progression, broken down month by month. Your forecast should
be maximally useful to downstream users.

Figure 7. Planner-temporal scenario-generation prompt template used for the main AI forecasting experiments. The placeholder
{resolution deadline} is filled with the evaluation horizon.
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