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Position: The Window for Preventive Action
Before AI Saturates Most Cognitive Benchmarks is

Closing

A Preprint

Jérémy Andréoletti∗ Antoine Maier Laura Domenech Tom David

General-Purpose AI Policy Lab

Abstract
In this position paper, we argue that without coordinated intervention, AI systems will
by default saturate most existing cognitive benchmarks by 2030, approaching or exceeding
human expert performance across a broad range of measurable tasks. Using a joint hierar-
chical Bayesian model, we forecast frontier performance trajectories across 63 benchmarks
spanning reasoning, mathematics, coding, scientific knowledge, and agentic capabilities. We
find that nearly all current benchmarks (98% in our set, 80% CI: 97–100%) are on track to
saturate within four years. This finding is robust to modeling choices: sensitivity analyses
show that altering key assumptions yields qualitatively similar conclusions. Security-critical
benchmarks (cybersecurity, autonomous AI R&D, biology, chemistry) show even faster tra-
jectories, saturating before 2028. While benchmark saturation does not equate to artificial
general intelligence, these findings add to a converging body of evidence indicating that
superhuman performance on cognitive tasks is approaching faster than commonly assumed.
Acknowledging that we neither understand nor control the behavior of current GPAI mod-
els, this timeline leaves limited runway before irreversible impacts. We outline implications
for global governance and international coordination, AI safety research, and evaluation
practices.

Keywords AI progress · benchmark saturation · capability forecasting · AI safety · AGI

1 Introduction

The pace at which new benchmarks have been devel-
oped over the past five years has only been matched
by the speed at which these benchmarks have been
climbed by each new generation of General-Purpose
AI (GPAI) models (Epoch AI [2024a], Bengio et al.
[2025], AISI [2025]; Figure 1). Tasks that were once
considered out of reach, from doctorate-level sci-
ence questions to competitive mathematics and au-
tonomous software engineering, are now routinely
solved by frontier models. Yet discussions about
when AI might reach or exceed human-level perfor-
mance on broad cognitive tasks often place it decades
away [Grace et al., 2018, 2025] or treat it as deeply
uncertain.
Our position: Based on a systematic analysis
of benchmark trajectories, we argue that AI

systems are on track to saturate most exist-
ing cognitive benchmarks by 2030, approach-
ing or exceeding human expert performance
across a broad range of measurable cogni-
tive tasks. This projection, which includes
security-critical capabilities, leaves a limited
runway before irreversible impacts, thereby
warranting urgent preventive action. This is
not a prediction that AGI will necessarily arrive by
2030, as the relationship between benchmark per-
formance and general intelligence remains contested
[Chollet, 2019]. However, it is a call to take seri-
ously the empirical trend that AI is saturating our
best evaluations faster than anticipated, and faster
than current coordination efforts for global GPAI risk
management.
If correct, this timeline leaves little time to develop
robust alignment or control techniques, given the cur-
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Figure 1: Benchmark trajectories across capability categories. Points show frontier model scores at
release; solid lines show posterior median trajectories; shaded regions indicate 80% credible intervals. Dashed
lines extrapolate to 2030. Human reference points are depicted by star-like symbols (representing average
individual performance) and polygons (representing committee majority-vote aggregates). The number of
vertices denotes the expertise level: 3 for average human, 4 for skilled generalist, 5 for domain expert,
and 6 for top performer. A hollow symbol specifically denotes trained high-school level participants. See
more details in Appendix E. All categories show rapid progress towards saturation, with several benchmarks
already exceeding human expert baselines.

rent lack of any reliable method for understanding
and steering powerful AI systems [Casper et al., 2023,
Bengio et al., 2025, Maier et al., 2025, Ngo et al.,
2025]. It also implies an urgency regarding inter-
national coordination on AI; the earlier multilateral
discussions gain momentum, the more time will be
available for countries to converge on a global course
of action before GPAI models could start posing ir-
reversible security issues. Even in optimistic safety
scenarios, this pace of progress only leaves few years
for institutions to adapt to transformative AI capa-
bilities.
Our contribution is threefold: (1) We provide quan-
titative evidence from 63 benchmarks and 37 human
baselines showing convergent saturation trajectories
based on a new modeling framework; (2) We analyze
AI progress specifically in security-critical capability
domains; (3) We outline implications for researchers
and policymakers.

2 Evidence: Benchmark Trajectories

2.1 Data and Methodology

We analyze performance trajectories on 63 bench-
marks spanning diverse cognitive capabilities: com-
monsense, reasoning, scientific knowledge, math-
ematical problem-solving, code generation, agen-
tic computer use, and multimodal understanding.
Benchmark scores are sourced from the Epoch AI
Benchmark database [Epoch AI, 2024a], Scale AI
leaderboards [Scale AI, 2025], and evaluations by the
RAND Corporation [Dev et al., 2025]. We exclude
unsaturated benchmarks lacking data points from
frontier models released after January 2025. To en-
sure that our projections are based on a well-defined
observation window and can be reproduced, we re-
strict the fitting data to frontier models released be-
fore January 1, 2026.
To project future performance, we employ hierarchi-
cal Bayesian models which capture the S-shaped tra-
jectories empirically observed in benchmark progress.
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Our approach introduces three methodological im-
provements over existing AI capability forecasting:
(1) Asymmetric growth curves. We use Har-
vey curves [Harvey, 1984] instead of standard logistic
functions. Unlike the logistic curve, the Harvey func-
tion allows for an asymmetry between the initial ac-
celeration of benchmark progress and its deceleration
as scores reach saturation (Figure 2). This asymme-
try is captured by a shape parameter α > 1, which
reduces the Harvey curve to a logistic function when
α = 2. This choice avoids the logistic assumption
that performance should accelerate and then deceler-
ate at the same rate. A sensitivity analysis in Ap-
pendix B confirms that the main saturation finding
is robust to removing this assumption.
(2) Hierarchical Bayesian modeling. Rather
than fitting each benchmark independently, we
jointly model all 63 benchmarks with shared hyper-
priors over growth rates, upper asymptotes, as well
as shape and noise parameters. This allows the ex-
change of information across benchmarks: data-rich
benchmarks inform projections for newer or more
data-sparse benchmarks. The cross-validation (LOO-
ELPD) model comparison confirms that the joint
model achieves better fit, correcting for the additional
complexity, than independent model variants (Supp.
Table 1), and the main saturation finding is robust
to removing the hierarchical structure (Appendix B).
(3) Skewed likelihood at the frontier. Bench-
mark scores typically underestimate true model ca-
pabilities due to suboptimal prompting, scaffolding,
or evaluation conditions (the “elicitation gap"). They
also cannot estimate the capabilities of unreleased
models. To mitigate this gap, we model observations
at the top-3 frontier with a skew-normal likelihood,
allowing scores to fall predominantly below a latent
curve that represents the performance frontier. We
verify that this modeling choice does not inflate our
projections: replacing the skew-normal with a sym-
metric normal likelihood yields qualitatively similar
saturation conclusions (Appendix B).
We validate our forecasting methodology through
temporal holdout: training on data before January
2025 and evaluating predictions on observed scores
in 2025. The skew-normal likelihood as well as the
joint model consistently improve both CRPS and
RMSE scores, while Harvey and logistic variants
achieve similar predictive accuracy (Supp. Table 3).
The more general Harvey curves are preferred in
this article as they better align with our theoreti-
cal understanding of capability progress, and achieve
the best cross-validation fit. Unlike classical ma-
chine learning, Bayesian inference regularizes through
prior specifications, avoiding overfitting despite the
model’s greater complexity. All uncertainty intervals
reported in this paper are Bayesian credible intervals
(posterior quantiles). We additionally validate these
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Figure 2: Harvey curves capture asymmetric
progress trajectories. Fitted Harvey curves (blue)
for 63 benchmarks show gradual acceleration followed
by rapid saturation, compared to the symmetric lo-
gistic curve (green dashed). All curves are standard-
ized to reach 50% performance at time 0 and have
a growth rate of 1, in order to compare shapes only.
The thick blue curve is the median Harvey trajectory.

intervals using conformal prediction, a distribution-
free method, confirming that the Bayesian intervals
achieve their nominal coverage (Supp. Table 3). See
Appendix A for model specification, Appendix B for
the sensitivity analysis and Appendix C for validation
details.

2.2 Main Finding: Saturation by 2030

Our central empirical finding is that approximately
98% of analyzed benchmarks are projected to
reach saturation before 2030 (Figure 3), where
saturation is defined as achieving 95% of their score
range (between random chance and their estimated
asymptote). This threshold serves as a proxy for
a benchmark being essentially solved. In prac-
tice, benchmarks are typically considered saturated
well before this point, and the smooth sigmoidal fit
spreads the final percentage points over an extended
period that does not reflect meaningful capability dif-
ferences. Sensitivity analyses with thresholds of 90%
and 99% confirm that this choice does not qualita-
tively affect our conclusions (Appendix B).
This finding is robust across benchmark categories,
as shown in Figure 1. To contextualize these pro-
jections, we overlay human performance baselines
where available. These baselines range from average
crowdworkers to world-class experts, providing inter-
pretable reference points for AI progress. Detailed
human baseline sources are provided in Appendix E.

• Domain-specific knowledge (ScienceQA,
ARC AI2, GSM8K, GPQA Diamond,
PRBench, SimpleQA Verified, Humanity’s
Last Exam) [Lu et al., 2022, Clark et al.,
2018, Cobbe et al., 2021, Rein et al., 2023,
Wang et al., 2024, Akyürek et al., 2025, Haas
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Figure 3: Nearly all benchmarks projected to
saturate by 2030. Posterior distribution of the pro-
portion of benchmarks reaching 95% of their maxi-
mum score range by 2030. The median is 98.4%, in-
dicating that saturation of most benchmarks by 2030
is the default scenario, barring exogenous interven-
tion.

et al., 2025, Phan et al., 2025]. Student
to expert-level science questions in physics,
chemistry, and biology; professional reason-
ing in law and finance; factual knowledge
across disciplines. On GPQA Diamond,
PhD-level experts achieve 69–81% accuracy
[Rein et al., 2023]; frontier models now ex-
ceed this range. Saturation projected by
2029.

• General reasoning (Adversarial NLI, Sim-
pleBench, BALROG, Chess Puzzles, Enig-
maEval) [Nie et al., 2020, Philip and He-
mang, 2024, Paglieri et al., 2025, Epoch AI,
2025a, Wang et al., 2025]. Spatial and tem-
poral reasoning, multi-step logical deduction,
strategic planning in games, and long multi-
modal reasoning challenges. Saturation pro-
jected by 2029 to 2030.

• Mathematical reasoning (MATH, OTIS
Mock AIME, FrontierMath) [Hendrycks
et al., 2021, Epoch AI, 2025b,c]. MATH and
AIME contain problems from math competi-
tions; FrontierMath Tier 4 consists of hand-
crafted questions aimed at taking hours for
domain-expert mathematicians to solve. On
MATH Level 5, a skilled human (PhD stu-
dent) achieves 40%, while a domain expert
(three-time IMO gold medalist) achieves 90%
[Hendrycks et al., 2021]; frontier models now
exceed the latter. On FrontierMath, teams of
mathematicians collectively solve only 35%
of problems in four and a half hours, with
internet access [Epoch AI, 2025c]. Our anal-
ysis projects rapid progress and saturation in
2028.

• AGI progress (LiveBench, ARC-AGI v1
and v2, soon v3, Remote Labor Index,

APEX-Agents, GDPval) [White et al., 2025,
Chollet, 2019, ARC Prize, 2019, 2025a,b,
Mazeika et al., 2025, Vidgen et al., 2026, Pat-
wardhan et al., 2025]. Benchmarks designed
to resist memorization and measure gen-
eral intelligence. LiveBench uses regularly-
updated questions spanning many domains.
ARC-AGI tests the ability to learn new ab-
stract concepts from few examples, which is
currently easy for humans but difficult for
AIs. Average humans achieve 77% on ARC-
AGI-1, while STEM graduates and human
panels reach 98% [ARC Prize, 2019]. The
Remote Labor Index (RLI) measures com-
pletion rates on long real-world tasks from
online freelance platforms. Similarly, APEX-
Agents grades agents on ∼2-hour banking,
consulting and law tasks in realistic file en-
vironments, while GDPval has experts com-
pare AI deliverables to professional work on
∼7-hour research and writing tasks across 44
U.S. occupations. LiveBench, ARC-AGI-2
and GDPval should saturate soon, APEX-
Agents by 2029; predictions for RLI are much
more uncertain.

Benchmarks measuring capabilities with direct secu-
rity implications show particularly rapid trajectories
(Figure 4).

• Cybersecurity (TerminalBench, OSWorld,
Cybench, TheAgentCompany, MCP Atlas)
[Merrill et al., 2026, Xie et al., 2024, Zhang
et al., 2025, Xu et al., 2025, Bandi et al.,
2025]. Benchmarks evaluating agentic com-
puter use, vulnerability discovery, and ex-
ploitation. Frontier models are progressing
by tens of percentage points annually, with
saturation projected by 2028.

• AI R&D automation. (Aider Polyglot,
METR Time Horizons, WeirdML, SWE-
Bench Verified, Bash-Only and Pro, GSO-
Bench, PostTrainBench) [aider, 2024, Kwa
et al., 2025, Ihle, 2025, Epoch AI, 2024b,
Jimenez et al., 2024, Deng et al., 2025, Shetty
et al., 2025, Rank et al., 2026]. Bench-
marks measuring autonomous software engi-
neering and ML research capabilities. Sat-
uration projected by 2028 (except for Post-
TrainBench), suggesting that AI systems ca-
pable of significantly accelerating AI research
may emerge in the coming years.

• Expert biological and chemical knowl-
edge. (MMLU Pro, Weapons of Mass De-
struction Proxy WMDP, GPQA Diamond,
LAB-Bench, BioLP-bench) [Wang et al.,
2024, Li et al., 2024a, Rein et al., 2023, Lau-
rent et al., 2024, Dev et al., 2025] Bench-
marks assessing scientific knowledge relevant
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to biosecurity threats, including pathogen
characteristics, synthesis procedures, and
safety protocols, or evaluating practical lab-
oratory skills such as protocol understand-
ing, literature search, and experimental de-
sign. PhD-level domain experts achieve 38–
83% on these benchmarks, depending on the
specific task (Appendix E); frontier models
already match or exceed these baselines on
several sub-tasks. Saturation projected by
2027-2028.

Three additional benchmark categories are presented
in Appendix D: Commonsense reasoning (Open-
BookQA, HellaSwag, PIQA, WinoGrande) [Mihaylov
et al., 2018, Zellers et al., 2019, Bisk et al., 2020, Sak-
aguchi et al., 2020]; Language understanding and
writing (Lech Mazur Writing, Fiction.LiveBench,
TutorBench, MultiChallenge, MultiNRC) [Mazur,
2026, Epoch AI, 2025d, Srinivasa et al., 2025, Sird-
eshmukh et al., 2025, Fabbri et al., 2025] and Multi-
modal understanding (GeoBench, CAD-Eval, Vi-
sual Task Assessement VISTA, VPCT, Audio Mul-
tiChallenge, VisualToolBench) [ccmdi, 2026, Epoch
AI, 2025e, Scale AI, 2025, Brower, 2025, Gosai et al.,
2025, Guo et al., 2025].
Overall, all the projections we derived from the joint
hierarchical Harvey model estimate benchmark satu-
ration by 2028 to 2030. Uncertainty intervals widen
for longer forecast horizons, but even the conserva-
tive (10th percentile) projections place saturation for
most benchmarks before 2030.

2.3 Historical Context on Estimating AI
Progress

Our projections should be interpreted against a re-
cent pattern of systematic underestimation of AI
progress [Kučinskas et al., 2025]. This contrasts with
the earlier history of AI, with periods of excessive
optimism about symbolic AI and expert systems, fol-
lowed by “AI winters" in the 1970s and late 1980s.
However, the current wave of deep learning progress,
beginning around 2012, has consistently exceeded ex-
pectations. Since 2020, milestones in language under-
standing, mathematical reasoning, and code genera-
tion have arrived well ahead of expert forecasts [Stein-
hardt, 2022]. Expert forecasts have consistently pre-
dicted capability milestones further in the future than
they actually occurred. For example, AI achieving
gold-medal performance at the International Math-
ematical Olympiad was forecast for around 2030 by
both domain and non-domain experts, with only 9%
probability up to 2025, the year it was achieved
[Kučinskas et al., 2025].

3 Implications and Call to Action

If AI systems achieve superhuman performance on
most measurable cognitive tasks by 2030, several im-
portant implications follow.

3.1 For International Coordination

The goal of this Position Paper is not to prescribe
specific policy actions but to ensure decision-makers
recognize two points. First, GPAI capabilities are
advancing rapidly, and closely monitoring frontier
progress is important for making informed policy
decisions. Second, regarding control and security-
critical issues, the projected trajectory is not in-
evitable: it results from investment decisions [Sevilla
et al., 2024], compute infrastructure build-out [Epoch
AI, 2025f], and research priorities [Erdil and Be-
siroglu, 2023] that remain subject to collective choice.
Given the projections presented in this article, the
earlier multilateral discussions begin, the more op-
tions remain viable.

3.2 For AI Safety Research

The timeline for developing robust AI alignment tech-
niques is short. Current approaches to alignment re-
main nascent: despite some progress, they still fail
to ensure a high level of safety for current AI mod-
els, let alone scaling to systems significantly exceed-
ing human capabilities [Amodei et al., 2016, Bengio
et al., 2025]. Alignment is hard, which implies that
by default these systems should not be expected to
remain under human control [Maier et al., 2025, Ngo
et al., 2025].
Given these short timelines, one cannot rely on any
single research agenda succeeding. We recommend a
portfolio approach:

• Near-term agendas: Prioritize research
with potential payoffs within 3-5 years, such
as technical governance agendas like robust
verification mechanisms [Wasil et al., 2024,
Scher and Thiergart, 2024].

• Alternative architectures: Invest in fun-
damentally different approaches (safe-by-
design architectures, formal verification) to
hedge against alignment failure in current
paradigms [Dalrymple et al., 2024].

• Differential technology development:
Prioritize research that advances safety and
defensive capabilities over risk-increasing
ones [Sandbrink et al., 2022].

We strongly underscore, however, that safety research
alone cannot guarantee good outcomes if capability
development continues regardless of safety progress.
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Figure 4: Security-critical capability trajectories. Benchmarks with direct safety implications show
rapid progress, with most projected to saturate by 2027-2028. Starred markers indicate human expert base-
lines where available. On OS World, unfamiliar users achieve 72% [Xie et al., 2024]; on biology benchmarks,
PhD-level experts range from 38% (BioLP-bench) to 83% (GPQA Diamond Biology) [Dev et al., 2025, Rein
et al., 2023]. Graphical conventions are similar to Figure 1.

3.3 For Evaluation Practices

Forecasts, such as those presented in this article, can
only be as reliable as the data upon which they are
based, and as long as the underlying dynamics driv-
ing the pace of progress remain unaltered. We detail
below how these two sources of uncertainty could ben-
efit from further research attention from the bench-
marking and evaluation communities.
Benchmark validity. Do benchmark improvements
reflect genuine capability gains, or artifacts of op-
timization, contamination, or narrow task-specific
learning? This concern is not novel; prior work has
called for harder benchmarks targeting real-world
tasks, long-horizon planning, and dynamic evalua-
tion protocols [Mazeika et al., 2025, White et al.,
2025]. Our analysis already includes recently de-
veloped benchmarks designed to resist gaming, but
connecting these scores to real-world impact remains
understudied. Risk modeling efforts by Touzet et al.
[2025], Barrett et al. [2025], Murray et al. [2025] to
elicit expert knowledge in order to link capability
metrics to potential harms represent a promising di-
rection.

AI R&D acceleration. To what extent can AI sys-
tems automate AI research itself, potentially accel-
erating the pace of progress beyond current trends?
Benchmarks measuring research capabilities (hypoth-
esis generation, experiment design, code optimiza-
tion) remain at an early stage [Kwa et al., 2025, Ihle,
2025]. We encourage the development of realistic
evaluations for AI R&D capabilities, as these may
provide early warning of acceleration dynamics and
improve medium-horizon projections.

4 Alternative Views

We present credible counterarguments to our position
and respond to each.

4.1 Benchmarks Can Be Gamed

Objection: Benchmark progress may reflect con-
tamination (training on test data), reward-hacking on
poorly designed tasks, and/or benchmark optimiza-
tion (prompt engineering, finetuning on similar tasks,
tuning scaffolds to evaluation formats) by AI compa-
nies incentivized to showcase impressive results with
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each new model release [Robison, 2025]. Contam-
ination in particular is a well-documented concern:
Balloccu et al. [2024] show that several widely-used
benchmarks have appeared in training corpora. If
contamination and benchmark hacking inflate scores,
especially for older benchmarks with longer expo-
sure to training pipelines, then our hierarchical model
could propagate these inflated trajectories to newer,
less contaminated benchmarks.
Response: We acknowledge these concerns but note
several mitigating factors: (1) The saturation trends
presented in this article are consistent across 63
benchmarks from independent sources (Epoch AI,
Scale AI, RAND). (2) These benchmarks are either
run internally by these organizations or sourced from
carefully selected benchmark developers [Epoch AI,
2024a] to limit contamination. (3) Many bench-
marks saturate below 100%, which is consistent with
labeling errors but inconsistent with wholesale an-
swer memorization. (4) Newer benchmarks designed
specifically to resist gaming (ARC-AGI, SWE-Bench
Verified, FrontierMath) show similar trajectory pat-
terns [Chollet, 2019, Epoch AI, 2024b, 2025c]. (5)
Some benchmarks now evaluate models on tasks re-
leased after model training cutoffs, ruling out direct
contamination [White et al., 2025]. While no bench-
mark is immune to all criticism, the convergent pat-
tern across diverse, independently maintained eval-
uations provides evidence beyond any single bench-
mark. Furthermore, fitting each benchmark inde-
pendently (without hierarchical pooling) yields sim-
ilar conclusions (Supp. Table 2, ≥ 93% of saturated
benchmarks for all 8 model variants) with worse
cross-validation fit (Supp. Table 1), suggesting that
cross-benchmark information sharing does not artifi-
cially inflate projections for newer benchmarks.

4.2 Progress May Plateau

Objection: Scaling may hit diminishing returns.
Data constraints, compute costs, or algorithmic lim-
itations could slow progress before current or future
benchmarks saturate. Concerns about a “data wall"
(exhaustion of high-quality training data), plateau-
ing returns from simply increasing compute (either
for pre-training, post-training or inference scaling, see
Ord [2025]), and the rising costs of frontier training
runs all suggest that the current pace of improvement
may not be sustainable. Each new scaling paradigm
may buy time but itself face diminishing returns.
Response: This is possible, and our projections
carry substantial uncertainty. However, (1) predicted
slowdowns in the past decade have repeatedly failed
to materialize, (2) new scaling paradigms (reasoning
models, inference-time compute) continue to unlock
progress, as the accelerating absolute investment in
AI compute and research currently compensates di-
minishing returns, and (3) looking at each potential

bottleneck individually, scaling seems to be on track
to continue for at least the end of the decade [Sevilla
et al., 2024].

4.3 Benchmarks Do Not Measure General
Intelligence

Objection: Benchmark saturation does not imply
human-level intelligence. Models may achieve high
scores through pattern matching, heuristics, or mem-
orization rather than genuine understanding. This
is a longstanding concern in AI evaluation [Chol-
let, 2019]: high benchmark scores may reflect nar-
row task-specific optimization rather than the flexi-
ble, transferable reasoning that characterizes human
cognition. A model that solves FrontierMath prob-
lems may do so through learned solution templates
rather than on-the-fly reasoning, as the impressive
math skills of recent AI models seem to rely more
on their extensive knowledge of the literature and of
known techniques than on reasoning depth. Corre-
spondingly, AI progress is “jagged”, superhuman on
some tasks yet subhuman on others. This heterogene-
ity could persist, preventing AGI-like systems that
could reliably replace full human jobs or achieve their
goals autonomously far outside of their training dis-
tribution.
Response: Benchmark performance is indeed an
imperfect proxy for general intelligence; this is why
we frame our position around “measurable cognitive
tasks" rather than AGI. However, (1) many recent
benchmarks specifically target capabilities thought
to require flexible and general reasoning [ARC Prize,
2025a, Wang et al., 2025] or the ability to handle real-
world under-specified tasks [Mazeika et al., 2025], (2)
as gaps are progressively closing, the breadth of sat-
uration across diverse tasks becomes more and more
difficult to explain by narrow optimization alone, and
(3) if AI reaches superhuman performance on AI
R&D itself, even if it is short of general intelligence,
remaining gaps may close rapidly through recursive
improvement.
Lastly, from a practical standpoint, systems that ex-
ceed human performance on most measurable cogni-
tive tasks could start to have irreversible global im-
pacts regardless of whether they possess true general
intelligence. Nevertheless, we acknowledge that this
is a crux and a significant source of uncertainty in pre-
dicting the consequences of benchmark saturation.

4.4 Benchmark Saturation And
Superhuman Scores Do Not Entail
Irreversible Global Impacts

Objection: First, benchmark saturation reflects an
intrinsic property of their construction based on a
fixed set of tasks. So even if AI saturates all ex-
isting benchmarks and exceeds expert performance,
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this may not translate to real-world transformative
capabilities. One reason is that as our analysis is
limited to cognitive tasks that can be evaluated by
online benchmarks, it does not cover embodied ca-
pabilities, or social interactions, which may remain
significant bottlenecks for real-world impact even if
cognitive benchmarks are saturated. AI systems have
matched or exceeded radiologist performance on med-
ical imaging benchmarks for years, yet the demand
for radiologists is greater than ever. Second, even
with these wider capabilities unlocked, numerous fric-
tions and regulatory constraints will likely delay the
deployment of AI systems in society. Finally, humans
have always created tools that exceed their own ca-
pabilities in specific domains. Computers can process
information faster than any human, and planes travel
at superhuman speeds. AI is the latest such tech-
nology, and its development warrants proportionate
regulation (as for the aviation industry), not alarmist
framing.
Response: We agree that benchmark saturation
is a necessary but not sufficient condition for irre-
versible real-world impact, and address each argu-
ment in turn. On the significance of benchmark
saturation: the benchmarks in this article do have
ceilings, so their eventual saturation is indeed ex-
pected. However, the speed of saturation is infor-
mative. Several benchmarks in our set were designed
to resist rapid saturation (FrontierMath, Humanity’s
Last Exam, the ARC-AGI series). That these bench-
marks could be approaching saturation before 2028,
with domain experts and even committees of experts
failing to beat the latest AI models, would have been
considered a very optimistic prediction a few years
ago. Furthermore, the benchmarks most relevant to
our security argument (cybersecurity, AI R&D au-
tomation, CBRN knowledge) do not require embod-
iment to translate into real-world impact. On de-
ployment frictions: these are real for many beneficial
applications (regulatory approval, barriers to adop-
tion, etc.), but they are greatly reduced both for AI
companies deploying AI R&D capabilities internally
and for adversarial actors. Our security concerns pri-
marily target these faster pathways. On the tools
analogy: the comparison to calculators or planes un-
derstates three properties that frontier AI systems are
currently acquiring and that have not been combined
before. These are (a) general performance across
dozens of cognitive domains, (b) autonomous agen-
tic operation, and (c) the potential to accelerate its
own development. We believe that this combination,
paired with the current absence of reliable control
methods, distinguishes frontier AI from prior tech-
nologies.
More broadly, the aim of our paper is to provide ev-
idence on the size of the window for preventive ac-
tion. The full consequences of saturating cybersecu-
rity, CBRN, AI R&D and remote work benchmarks

are uncertain, but we note that this progress is for
the most part irreversible (more so when considering
the fast following of cheaper open source models). So
waiting for the gap between benchmarks and real-
world impact to resolve means allowing the window
for effective collective action to close.

4.5 What Would Change Our Mind

Our position would be substantially weakened by:

• Sustained plateau in benchmark progress (>
2 years of stagnation across multiple hard
benchmarks);

• Evidence that current architectures face fun-
damental limits on specific capability dimen-
sions, especially on capabilities necessary to
expert-level AI R&D automation;

• Demonstration that benchmark performance
systematically diverges from real-world task
performance, e.g. a continued plateau of the
Remote Labor Index [Mazeika et al., 2025]
or the absence of a noticeable impact of AI
automation on the US economic growth by
2030.

5 Limitations

Our analysis has several limitations:
Extrapolation uncertainty. All forecasting in-
volves extrapolation. Our Bayesian approach quan-
tifies some sources of uncertainty, but it does not
explicitly integrate the many known and unknown
factors that may disrupt future trajectories in either
direction (scaling bottlenecks, algorithmic break-
throughs, AI R&D automation, geopolitical conflicts,
international agreements, etc.).
Elicitation gap. Benchmark scores underestimate
latent model capabilities due to suboptimal prompt-
ing, scaffolding, evaluation conditions, or even sand-
bagging (i.e., strategic underperformance, see Weij
et al. [2025]). Our skewed likelihood model par-
tially addresses this issue by inferring a latent frontier
capability mostly above the observed top-3 scores.
Nonetheless, if substantial capabilities remain hidden
due to inadequate evaluation protocols or secrecy in
AI development, our projections would be conserva-
tive. The true trajectory could thus be faster than
our estimates suggest.
Modeling extensions. Several extensions could im-
prove forecast accuracy: (1) incorporating compute
scaling as a predictor, linking benchmark progress to
training resources [Kaplan et al., 2020, Ruan et al.,
2024]; (2) modeling latent capability dimensions that
manifest across multiple benchmarks [Burnell et al.,
2023, Kipnis et al., 2025, Ho et al., 2025, Polo et al.,
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2025, Pimpale et al., 2025]; (3) integrating infor-
mation about model architectures and training ap-
proaches. We chose a simpler model to maintain in-
terpretability, but richer models may become feasible
as more data accumulates.
Scope of analysis. Our analysis is limited to cogni-
tive tasks that can be evaluated through benchmarks.
It does not cover non-cognitive capabilities such as
embodiment, physical manipulation, or social inter-
actions, which may be critical bottlenecks for certain
real-world impacts even if cognitive benchmarks are
saturated. The relationship between benchmark sat-
uration and transformative real-world capability re-
mains an open question.
Benchmark evolution. Our analysis covers only
existing benchmarks, and harder task sets are contin-
uously being developed. However, in many domains,
frontier models already match or exceed expert hu-
man performance, raising questions about how much
headroom remains. Designing “superhuman" evalu-
ations requires either (1) tasks where ground truth
is verifiable without human judgment (e.g., math-
ematical proofs, code execution), or (2) aggregat-
ing across many human experts [Phan et al., 2025].
Some benchmarks already approximate this standard
by comparing AI to real-world human task comple-
tion. A potential next step to forecast AI progress
beyond current benchmarks is to extrapolate higher-
level properties of the evaluation tasks (e.g., human-
equivalent time horizon, see Kwa et al. [2025], or task
difficulty level, see Zhou et al. [2025]).

6 Conclusion

We have argued that current AI development trajec-
tory leads to the saturation of most existing cogni-
tive benchmarks by 2030, approaching or exceeding
human expert performance across a broad range of
measurable cognitive tasks. Given the state of our
understanding of and control over these systems, the
cost of inaction could be severe. This trajectory is not
inevitable, as it results from choices that can still be
influenced through coordinated action, but the win-
dow is closing rapidly.
We call on the ML community and institutional ac-
tors to engage with this possibility and act accord-
ingly: differentially accelerating safety research, mon-
itoring critical AI capabilities, and developing verifi-
cation mechanisms as part of a global effort to provide
security guarantees commensurate to the possibility
of superhuman AIs in the coming years.

Reproducibility Statement

All benchmark data are publicly available from
Epoch AI [Epoch AI, 2024a], Scale AI [Scale AI,

2025], and RAND [Dev et al., 2025]. Code for
model fitting and visualization is available at https:
//github.com/General-Purpose-AI-Policy-Lab
/benchmark-forecasting.
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A Methodological Details

A.1 Growth Curve Specification

Let yi(t) denote the observed score for benchmark i
at time t (days since first observation). We model the
latent frontier performance as a shifted sigmoid:

µi(t) = ℓi + (Li − ℓi) · σi(t),
where ℓi ∈ [0, 1] is the benchmark-specific lower
bound (random-chance performance, manually gath-
ered per benchmark, set to 0 when unknown) and
Li ∈ [ℓi, 1] is the upper asymptote (inferred).

Harvey function. The Harvey curve generalizes
the logistic with a shape parameter αi > 1:

σHarvey
i (t) = [1 − (1 − αi) exp(−ki(t − τi))]

1
1−αi ,

where ki > 0 is the growth rate and τi is the in-
flection time. The parameter αi controls asymmetry:
larger values produce more gradual accelerations and
faster saturation. When αi = 2, the Harvey function
reduces to the standard logistic.

Logistic function. For comparison, we also fit the
standard logistic:

σLogistic
i (t) = 1

1 + exp(−ki(t − τi))
.

A.2 Observation Model

Observations follow a skew-normal distribution with
heteroskedastic noise:

yi(t) ∼ SkewNormal(µi(t), ξi(t), si),
where si ≤ 0 is a skewness parameter allowing scores
to fall predominantly below the latent curve.
The noise scale ξi(t) is heteroskedastic and Beta-
shaped over [ℓi, Li]:

ξi(t) = ξ0 + ξbase
i ·

√
(µi(t) − ℓi)(Li − µi(t))

(Li − ℓi)/2 ,

with ξ0 = 0.01 fixed. This yields maximal variance
near the inflection point and minimal variance near
the bounds.

A.3 Hierarchical Structure

The joint model places shared hyperpriors across
benchmarks:

Upper asymptote. Li = Lmin + (1 −
Lmin) · Lraw

i , with Lmin = 0.75 and
Lraw

i ∼ Beta(µL, σL), and hyperpriors
µL ∼ Beta

(
mean = 0.96−Lmin

1−Lmin
, sd = 0.02

1−Lmin

)
and

σL ∼ Half-N
(

sd = 0.02
1−Lmin

)
.

Growth rate. ki ∼ G(kµ, kσ), with kµ ∼
G(mean = 0.005, sd = 0.002) and kσ ∼ Half-N (sd =
0.005).

Inflection time. τi ∼ Gumbel(τ̂i, β), where τ̂i is
the empirical midpoint of benchmark i’s observed
time range and β = 730 days (2 years). The right-
skewed Gumbel prior reflects that for unsaturated
benchmarks, the inflection point likely lies beyond
observed data.

Noise. ξbase
i ∼ G(ξbase

µ , ξbase
σ ), with hyperpriors

ξbase
µ ∼ G(mean = 0.05 + N

50 , sd = 0.02) and ξbase
σ ∼

Half-N (sd = 0.05), where N corresponds to the top-
N frontier of scores considered (N = 3 in this paper).

Skewness. si ∼ Truncated-N (sµ, sσ, −∞, 0), with
hyperpriors sµ ∼ N (mean = −2 − N

2 , sd = 0.5) and
sσ ∼ Half-N (sd = 1.0).

Harvey shape. αi = 1 + αraw
i , with αraw

i ∼
G(αraw

µ , αraw
σ ), ensuring αi > 1, and hyperpriors

αraw
µ ∼ G(mean = 1.5, sd = 0.5) and αraw

σ ∼
Half-N (sd = 0.5).

A.4 Inference

We track the top-3 frontier scores per benchmark at
each point in time to reduce noise from suboptimal
evaluations. Model fitting uses MCMC via PyMC
[Abril-Pla et al., 2023] with the NUTS sampler (2000
posterior samples, 1000 warmup iterations, 4 chains,
target acceptance 0.9). Convergence is assessed via
R̂ diagnostics and effective sample size.

B Sensitivity Analysis

We assess the robustness of our main finding to all
modeling choices by evaluating a full grid of 8 model
variants: sigmoid family (Harvey vs. logistic) × hi-
erarchical structure (joint vs. independent) × likeli-
hood (skew-normal vs. normal). Independent fits use
identical model structure but estimate all parameters
separately for each benchmark without shared hyper-
priors. Each variant is evaluated on model compari-
son via LOO-ELPD and saturation projections.

B.1 Model Comparison (LOO-ELPD)

We compare all 8 variants using leave-one-out cross-
validation [LOO; Vehtari et al., 2017]. LOO-ELPD
estimates each model’s predictive accuracy by mea-
suring how well it predicts each observation when
that observation is held out, implicitly penalizing
model complexity without requiring explicit parame-
ter counting. Table 1 reports the expected log point-
wise predictive density (ELPD; higher is better), the
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difference relative to the best model (∆ELPD; nega-
tive means worse), and the Bayesian stacking weight
(the optimal weight for combining models into a pre-
dictive ensemble). Harvey curves dominate logistic
(|∆ELPD/∆SE| > 5), and both the skew-normal
likelihood and the joint model usually improve fit.
Stacking assigns essentially all weight to the two joint
Harvey variants, with the skew-normal variant alone
receiving 72% of the stacking weight, and negligible
weight to all logistic or independent variants.

Model variant ELPD ∆ELPD ∆SE Weight
Harvey joint (skew) 1475.8 0 — 0.72
Harvey joint (normal) 1465.5 −10.3 7.2 0.28
Harvey indep. (skew) 1437.4 −38.4 7.7 ≈0
Logistic joint (skew) 1425.6 −50.2 8.2 0
Harvey indep. (normal) 1420.2 −55.6 9.9 ≈0
Logistic joint (normal) 1418.5 −57.3 10.3 ≈0
Logistic indep. (normal) 1399.6 −76.2 11.2 ≈0
Logistic indep. (skew) 1399.3 −76.5 10.1 0

Table 1: LOO-ELPD model comparison across all 8
variants [Vehtari et al., 2017]. Higher ELPD indicates
better predictive fit. ∆ELPD is the difference relative
to the best model; ∆SE is its standard error. Weight
is the Bayesian stacking weight.

B.2 Sensitivity to Saturation Threshold

Table 2 reports the proportion of benchmarks pro-
jected to reach saturation by 2030 across all 8 model
variants and three threshold definitions (90%, 95%,
99% of score range, from random chance to their esti-
mated upper asymptote Li). The qualitative finding
is robust to all modeling alternatives (≥93% of bench-
marks saturated by 2030 at the 95% threshold). Hier-
archical (joint) models produce higher saturation es-
timates, as expected from information sharing across
benchmarks. Saturation estimates are lower with the
99% threshold, although, even under this strict defi-
nition, 95% of benchmarks are estimated to be satu-
rated by 2030 with the best model, and ≥84% for all
model variants.

C Retrodiction Analysis

We validate our forecasting methodology using tem-
poral holdout: training on data before a cutoff date
and evaluating predictions on subsequently observed
scores.

C.1 Protocol

We set the cutoff date to January 1, 2025. Models
are trained on all benchmark data prior to this date,
then asked to predict scores observed on models re-
leased between January 1, 2025 and January 1, 2026.
Benchmarks with fewer pre-cutoff observations than

the minimum required in our main dataset are ex-
cluded to ensure comparable conditions between the
validation and forecasting settings. We compare all
model variants.

C.2 Evaluation Metrics

Bayesian Predictive Calibration. We assess
whether predicted credible intervals achieve their
nominal coverage. For each confidence level p ∈
[0.01, 0.99], we compute the fraction of test obser-
vations falling within the p-credible interval of the
posterior predictive distribution. A well-calibrated
model shows observed coverage matching expected
coverage.

CRPS. The Continuous Ranked Probability Score
measures the quality of probabilistic forecasts, penal-
izing both miscalibration and lack of sharpness. It
generalizes the Brier score to continuous predictions.
Lower CRPS indicates better predictions.

RMSE. Root Mean Squared Error between the
posterior mean prediction and observed scores.

C.3 Retrodiction Results

Supp. Figure 5 showcases model calibration. Full
retrodiction metrics (CRPS, RMSE) for all 8 model
variants are reported in Table 3.
All eight model variants achieve strong out-of-sample
predictive performance (CRPS ≤ 0.065), with good
calibration as shown in the calibration curves (Supp.
Figure 5). The skew-normal likelihood as well as
the joint model consistently improve both CRPS and
RMSE, while the Harvey and Logistic models yield
similar retro-predictive accuracy.
We select the Harvey hierarchical model with skew-
normal likelihood for our main analysis. The hier-
archical structure enables information sharing across
benchmarks without degrading performance, which
may particularly benefit predictions for data-sparse
benchmarks. Although the Harvey model is more
complex than the logistic, Bayesian inference natu-
rally regularizes through prior specifications, avoid-
ing the overfitting concerns that arise with complex
models in classical machine learning. We therefore
choose the model that aligns with our theoretical un-
derstanding of capability progress and that is con-
firmed as optimal by formal model comparison (Supp.
Table 1).

C.4 Validation: Conformal Prediction
Intervals

As a model-free validation of our uncertainty quan-
tification, we apply Conformal Quantile Regression
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Threshold: 90% Threshold: 95% Threshold: 99%
Model variant Median 80% CI Median 80% CI Median 80% CI
Harvey joint (skew) 98.4% [96.8, 100] 98.4% [96.8, 100] 95.2% [90.5, 98.4]
Harvey joint (normal) 100% [96.8, 100] 98.4% [95.2, 100] 93.7% [88.9, 98.4]
Harvey indep. (skew) 95.2% [93.7, 98.4] 93.7% [90.5, 96.8] 87.3% [82.5, 88.9]
Harvey indep. (normal) 95.2% [93.7, 98.4] 93.7% [90.5, 96.8] 85.7% [82.5, 90.5]
Logistic joint (skew) 98.4% [96.8, 100] 96.8% [93.7, 98.4] 87.3% [84.1, 92.1]
Logistic joint (normal) 98.4% [96.8, 100] 96.8% [95.2, 100] 90.5% [85.7, 93.7]
Logistic indep. (skew) 95.2% [93.7, 98.4] 93.7% [90.5, 96.8] 84.1% [81.0, 87.3]
Logistic indep. (normal) 96.8% [93.7, 98.4] 93.7% [88.9, 98.4] 84.1% [79.4, 87.3]

Table 2: Sensitivity of saturation projections across all 8 model variants and three threshold definitions
(90%, 95% and 99% of the estimated asymptote).

[CQR; Romano et al., 2019] to the temporal hold-
out predictions for all 8 model variants. CQR is a
distribution-free method that adjusts Bayesian cred-
ible intervals using held-out calibration data: it com-
putes a correction term Q such that the adjusted
intervals [lower − Q, upper + Q] achieve guaranteed
coverage under exchangeability. A value of Q ≈ 0 in-
dicates that the Bayesian intervals are already well-
calibrated and require no correction. Table 3 confirms
that corrections are small across all variants (and es-
pecially the main one).

D Additional Results

Figure 6 shows trajectories for additional benchmark
categories. Commonsense reasoning benchmarks
(HellaSwag, PIQA, WinoGrande) saturated earliest,
consistent with these tasks representing lower cogni-
tive complexity. Language understanding and mul-
timodal benchmarks show intermediate trajectories,
with saturation projected by 2028-2029.

E Human Performance Baselines

Table 4 summarizes human performance baselines
used in our analysis. We categorize human perfor-
mance into four groups based on expertise level:

• Average Human: Crowdworkers (e.g.,
MTurk) or non-specialized participants

• Skilled Generalist: Individuals with ad-
vanced education but not in the target do-
main (e.g., PhD students in unrelated fields,
skilled professionals)

• Domain Expert: PhD-level specialists in
the relevant domain or expert professionals

• Top Performer: Elite performers (e.g., top
5% test takers or best result)

Committee scores represent an aggregation of major-
ity votes or average team scores across human partic-
ipants. The High School Qualifier and High School

Top Performer categories specifically represent a co-
hort of students in a specialized training program.

Interpretation notes. Human baselines vary sub-
stantially depending on expertise level and evalua-
tion conditions. For instance, on GPQA Diamond,
the gap between skilled generalists (22%) and domain
experts (81%) spans nearly 60 percentage points, il-
lustrating how benchmark difficulty depends criti-
cally on domain knowledge. Similarly, on mathemat-
ical benchmarks, the gap between a CS PhD student
(40% on MATH Level 5) and an elite mathematician
(90%) reflects the specialized nature of competition-
level mathematics.
These baselines provide context for interpreting AI
progress: when frontier models exceed domain ex-
pert performance, as they now do on several bench-
marks (GPQA Diamond, MMLU, HellaSwag), this
represents a meaningful capability threshold. How-
ever, we caution that benchmark performance may
not directly translate to real-world task completion,
and that human baselines themselves have limitations
(small sample sizes, varying incentive structures, po-
tential ceiling effects).
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Model variant Bayes. cov. CQR cov. Q CRPS RMSE
Harvey joint (skew) 83.2% 83.2% −0.000 0.054 0.104
Harvey joint (normal) 83.9% 88.1% +0.012 0.058 0.108
Harvey indep. (skew) 79.7% 69.9% −0.010 0.055 0.107
Harvey indep. (normal) 81.1% 83.2% +0.005 0.064 0.118
Logistic joint (skew) 77.6% 79.7% +0.002 0.054 0.103
Logistic joint (normal) 83.2% 90.9% +0.013 0.058 0.108
Logistic indep. (skew) 76.2% 71.3% −0.005 0.054 0.104
Logistic indep. (normal) 81.8% 83.2% +0.008 0.063 0.114

Table 3: Retrodiction results and CQR calibration across all 8 model variants. CQR is evaluated at the
80% nominal level (ncal = 143, ntest = 143); the conformal adjustment Q quantifies how much the Bayesian
intervals (Bayes cov.) need correction (Q ≈ 0 indicates well-calibrated intervals). CRPS and RMSE are
out-of-sample retrodiction metrics (lower is better). The main model (Harvey joint, skew-normal) achieves
83.2% Bayesian coverage with essentially no conformal correction (Q ≈ 0). Bold CRPS/RMSE values are
statistically indistinguishable from the best.
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Benchmark Human Group Score Source
Domain-Specific Knowledge
GPQA Diamond Domain Expert 81.2% Rein et al. [2023]
GPQA Diamond Domain Expert 69.7% OpenAI [2024]
GPQA Diamond Skilled Generalist 21.9% Rein et al. [2023]
PRBench Legal Committee of Domain Experts 79.6% Akyürek et al. [2025]
PRBench Finance Committee of Domain Experts 79.6% Akyürek et al. [2025]
GSM8K Skilled Generalist 96.8% Li et al. [2024b]
ScienceQA Average Human 88.4% Lu et al. [2022]
General Reasoning
SimpleBench Average Human 83.7% Philip and Hemang [2024]
Mathematical Reasoning
MATH Level 5 Domain Expert 90% Hendrycks et al. [2021]
MATH Level 5 Skilled Generalist 40% Hendrycks et al. [2021]
FrontierMath Committee of Domain Experts 35% Epoch AI [2025c]
OTIS Mock AIME High School Qualifier 53% Chen [2025]
OTIS Mock AIME High School Top Performer 93% Chen [2025]
AGI Progress
ARC-AGI-1 Average Human 77% ARC Prize [2019]
ARC-AGI-1 Committee of Average Humans 98% ARC Prize [2019]
ARC-AGI-1 Skilled Generalist 98% ARC Prize [2019]
ARC-AGI-2 Average Human 60% ARC Prize [2025a]
ARC-AGI-2 Committee of Average Humans 100% ARC Prize [2025a]
Agentic Computer Use
OS World Skilled Generalist 72.4% Xie et al. [2024]
Biology & Chemistry (Dual-Use)
GPQA Diamond Biology Skilled Generalist 22.0% Dev et al. [2025]
GPQA Diamond Biology Domain Expert 83.1% Dev et al. [2025]
GPQA Diamond Chemistry Skilled Generalist 22.0% Dev et al. [2025]
GPQA Diamond Chemistry Domain Expert 83.1% Dev et al. [2025]
WMDP Biology Domain Expert 60% Dev et al. [2025]
WMDP Chemistry Domain Expert 43% Dev et al. [2025]
LAB-Bench Cloning Domain Expert 60% Dev et al. [2025]
LAB-Bench LitQA2 Domain Expert 70% Dev et al. [2025]
LAB-Bench Protocol Domain Expert 79% Dev et al. [2025]
LAB-Bench SeqQA Domain Expert 78% Dev et al. [2025]
BioLP-bench Domain Expert 38% Dev et al. [2025]
Commonsense Reasoning
HellaSwag Committee of Average Humans 95.6% Zellers et al. [2019]
WinoGrande Committee of Average Humans 94.0% Sakaguchi et al. [2020]
PIQA Committee of Skilled Generalists 94.9% Bisk et al. [2020]
OpenBookQA Average Human 92% Mihaylov et al. [2018]
Multimodal understanding
GeoBench Top Performer 90% ccmdi [2026]
VISTA Skilled Generalist 55.4% Scale AI [2025]
VPCT Average Human 100% Brower [2025]

Table 4: Human performance baselines by benchmark. Scores represent accuracy unless otherwise
noted. Committee scores use majority votes or average team scores across human participants. Details
regarding each human baseline are available in the supplementary material.
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(a) Harvey joint (skew)
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(b) Harvey joint (normal)

0.0 0.2 0.4 0.6 0.8 1.0

Expected coverage
0.0

0.2

0.4

0.6

0.8

1.0

O
bs

er
ve

d 
co

ve
ra

ge

Empirical
Perfect

(c) Harvey indep. (skew)
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(d) Harvey indep. (normal)
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(e) Logistic joint (skew)
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(f) Logistic joint (normal)
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(g) Logistic indep. (skew)
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(h) Logistic indep. (normal)

Figure 5: Calibration curves for all 8 model vari-
ants. Well-calibrated models produce points close to
the diagonal. All variants achieve reasonable calibra-
tion, with no systematic difference between modeling
choices.
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Figure 6: Additional benchmark trajectories.
Additional capability categories showing consistent
saturation patterns. Commonsense reasoning bench-
marks (HellaSwag, PIQA, WinoGrande) are already
near saturation; language and multimodal under-
standing show trajectories consistent with other cat-
egories.
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