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Abstract

The Al evaluation non-profit METR recently published a series of influential plots
that suggested rapid growth in Al agents’ ability to reliably complete long, realistic
software and research engineering tasks. To date, most analyses of the data underlying
these METR plots, including the original analysis, impose strong (parametric) modeling
assumptions to deliver estimates of Al capabilities. In this note, we reanalyze the same
underlying data, but this time pursue an “agnostic” statistical analysis of Al capabilities
that makes no parametric assumptions about the underlying data generating process
(nor very many assumptions at all). Under this reanalysis, Al progress still looks very
fast, though sampling uncertainty is large enough to make many agents’ capabilities
statistically indistinguishable from one another, and various takeaways from the original
METR plots appear to be moderated (e.g., we only confidently conclude that Claude
Mythos has a 50%-time horizon above 4 hours). Practical takeaways for future evaluations

are also discussed.

1 Introduction

The non-profit “Model Evaluation and Threat Research” (METR) recently published a
series of Al agent evaluations and associated plots that received a great deal of attention
from researchers and policymakers, convincing many that AI progress on difficult, real-
world (software and research engineering) tasks was moving exponentially fast in terms of

a particular measurement: the task-completion time horizon of an Al, defined as “the task

*Email: jacob_carlson@g.harvard.edu. I thank the work of Drew Nguyen and William Fithian for
directly inspiring this note. I thank Isaiah Andrews for helpful comments and feedback. I thank OpenAl’s
Astra for research assistance, namely checking for errors in and repairing mathematical claims. First draft
posted on October 28, 2026.



duration (measured by human expert completion time) at which an Al agent is predicted
to succeed with a given level of reliability” [METR, 2026]. Common choices reported by
METR are 50% and 80% reliability, inducing the 50%-time horizon and 80%-time horizon
plots that METR maintains on their website: https://metr.org/time-horizons.!

The introduction of Nguyen and Fithian [2026] provides a nice, succinct discussion of the
social impact of this plot, and, in light of this impact, extra motivation to pursue analysis
of the data collected by METR with renewed statistical rigor.

In contrast to the original METR report [Kwa et al., 2026] and methodological extensions
of the original report’s analysis developed thereafter [Barry, 2026, Nguyen and Fithian, 2026],
this note will be taking a look at METR’s data with a different statistical philosophy: that
of (statistical model) “agnostic” methods that aim to impose as few unverifiable structural
assumptions about the data as possible, i.e., to remain nonparametric, focus on inference for
parameters defined by an unknown distribution, and otherwise let the data speak as much
for itself as possible [Angrist and Pischke, 2009, Lin, 2013, Aronow and Miller, 2019].

More specifically, in this note we will make no parametric statistical modeling assumptions
to do inference on time horizons and related capabilities-relevant quantities, unlike previous
works.? Instead, we will simply let carefully defined estimands, a coherent notion of a
sampling experiment in the setting of this data, and ordinary large sample statistical theory
guide our statistical inferences. By doing so, our estimands remain highly legible and
credible (driven by data and not assumptions), and we can make clear what are considered
to be relevant sources of uncertainty underlying the METR data—and to what extent
this uncertainty shapes our conclusions about the pace of Al progress in the recent past.
Ultimately, this all boils down to doing careful statistical inference on some averages of data
that METR collected—mo major methodological innovations are required for the present
analysis.

Before proceeding, we would like to specifically and explicitly credit Nguyen and Fithian
[2026] for inspiring this note, and for offering a very clear statistical characterization of what
existing work on the METR data has done. The basic statistical setup and notation in
this paper will follow that of Nguyen and Fithian [2026], but will depart from the type of
parametric statistical modeling exercise they pursue.

IPlots viewable online as of October 24, 2026.

2Barry [2026] is the only technical exception, but the nonparametric approaches investigated are toward
learning conditional expectation functions, do not consider inference on functionals of the task distribution,
and have no guarantees; as such, they live in the same family of approaches as parametric success curve
fitting methods.
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2 Framework

2.1 Motivation

The basic goal of most existing analyses of the METR data is to do estimation and inference
on the X %-time horizon for some set of Als using a dataset of recorded Al success or failure
at some set of tasks (presented in Figure 1 of Kwa et al. [2026]).

The X%-time horizon can be defined nonparametrically as the inverse of a monotonic
conditional expectation function called the “success (rate) curve” (see Definition 2.1 of
Nguyen and Fithian [2026], or a restatement in Section 2.2). However, in all popular
analyses (including Nguyen and Fithian [2026]), the focus is on estimates of the X %-time
horizon derived from parameters fit in an Item Response Theory (IRT)-style parametric
statistical model of (some part of) the underlying data generating process. The benefit of
this approach is that it is conceptually straightforward and allows for point estimation of the
time horizons. The drawback is that one needs to believe the parametric statistical model is
either correct (which would be heroic) or misspecified yet “sufficiently good” (at recovering
the true success curve) in order to believe the resulting estimates for time horizons. However,
it is unclear what a satisfying definition of “sufficient” or metric for “good” should be, leading
previous analyses to empirically investigate the fit of many different candidate statistical
models across a variety of fit scoring metrics, with no very clear winners nor guarantees
about approximation of the true success curve (e.g., in Nguyen and Fithian [2026], all newly
proposed models have 0 score improvement in their 95% confidence intervals). Such exercises
are further complicated by the well-known “Rashomon effect” pathology of fitting parametric
models [Breiman, 2001].

Here, we will avoid the conceptual, statistical, and computational challenges related to
searching for “sufficiently good” misspecified parametric models by building a framework for
(statistical) model-agnostic, nonparametric estimation and inference on a related capability
quantity from the original METR plot paper, a conditional version of the “expected success
rate” of Als for a specific task distribution.®> In and of itself, this quantity will provide
meaningful, assumption-lean insights on Al capabilities—as tacitly acknowledged by its
variants appearing in previous work (see, e.g., Figures 3 and 12 of Kwa et al. [2026] and
Figure 4 of Nguyen and Fithian [2026])—but it will also yield direct hypothesis tests of Al
time horizons.* The drawback will be that we do not get precise point estimates for time
horizons. (This will be discussed further in Section 2.5.)

In the following framework, we also abstract from concerns about construct validity; see

3In a sense, one could think of existing approaches as doing sound inference on “pseudo-horizons” defined
by some parametric statistical model, which have unknown bias with respect to true, nonparametrically

defined horizons. In this note, we will focus directly on inference related to the true horizons.
4Under the assumption that task success is monotone decreasing in measured human completion time

(an assumption made in all previous work).



Nguyen and Fithian [2026] for a nice discussion of this as well. That is, we will assume,
by revealed preference of Al commentators, that the measures METR collected are valuable
at informing Al capabilities. If one were to believe they were not valuable raw measures,
the agnostic analysis described hereafter could still be applied to an alternative dataset with

more construct validity.

2.2 Setup

The crux of the agnostic framework is that the METR plot dataset can be construed as
the result of sampling tasks iid from some task distribution that is informative about
Al capabilities, and that we can use this sample to do inference on functionals of that
distribution without modeling any aspect of it explicitly. That is, we imagine there is some
(very large) set of possible software tasks of interest, and the tasks that appear in the METR
dataset are a small random sample from that large, target population of tasks of interest.’
Most readings of how METR understands their task dataset supports this framing, which
echoes the superpopulation evaluation framing of Miller [2024].5

We may denote a software task indexed ¢ as the random object S; € S, for some abstract
space S that specifies all relevant task characteristics, and we assume that S; w @, where
@ is a target distribution of software tasks (implied by the research tastes and interests of
the METR researchers who compiled the dataset). We sample n tasks from ). Then for
each task i € [n] := {1,2,...,n}, we run Al agents j € J on the task and record success
or failure for each of the r runs (per some pre-specified criteria), denoted by Y;;. € {0,1}.
Per information about how METR ran these assessments, we assume we can write that
Yiir = 9;(S;, &jr) for some measurable function g;, where Swr is some independent, run-level
noise that affects task success, and thus we assume Yy, | S; - ¢ for each (i,7) pair. This is
broadly consistent with the setup and notation of Nguyen and Fithian [2026].

Per METR’s original setup, consider that 8 runs are allocated for each task, so we can

also view the sampling experiment as drawing

iid
(Sza {Y;jr}jej rE[S]) ~ P

where P is the implied distribution that combines @ and the run-level noise.”

5Seen this way, the task “family”’—which is also recorded by METR—is relevant only insofar as it defines
the make-up of the task distribution we are sampling from; there is no sense in which we need to adjust for
it from a statistical dependence perspective.

6E.g., “Overall we believe it’s likely the new tasks are drawn from a slightly different distribution of
difficulty”; “The process of updating our task suite has highlighted the importance of defining the distribution

of tasks which we wish to measure performance over” [METR, 2026].
"In practice, not all 8 runs get completed for all models and tasks in the original METR analysis, but

this is not substantive with respect to the framework discussed, assuming that run failure is independent of
evaluation relevant variables.



Specifically, for each fixed model j € J, we are interested in estimating the nonparametrically

founded parameter
0; = ElYyr [ 0(5:) = 1] = E[E[Yijr | Si] | b(S:) = 1]

where b : § — {0,1} is some binary-valued function of the full task information, e.g., the
task completion time for humans falling in the 4-16 hours bin. The second equality follows
by the tower property of conditional expectations. In words, owing to the second expression,
we might call 6, the “expected task success rate” of Al j at a task with characteristics that
fall in some bin defined via b. For shorthand, going forward, denote B; := b(S5;).

Note that 6; is not the X%-time horizon quantity of original interest, which Nguyen
and Fithian [2026] define as p;'(X%) where p;(t) = E[Yj;1 | human completion time =
t]. However, 6, is both (i) a legible, capabilities-relevant quantity, echoed by the above-
mentioned places in existing analyses where a version of it appears and (ii) a key ingredient
for further agnostic inferences about the time horizon, e.g., if b defines the 4-16 hours bin, and
we reject based on METR’s data that 6; < 0.5, then we also reject that the 50%-time horizon
for model j is below 4 hours under a success curve monotonicity assumption. It’s worth
noting here that there are very likely to be agnostic approaches to point estimation of time
horizons—and associated inference results—under a monotonicity assumption, which could
be the subject of future work (this will be discussed again briefly in Section 2.5). However,
for the sake of developing a conceptually straightforward, baseline agnostic approach, we
will proceed in this note by working with simple averages and doing appropriate inference

on their levels and comparison.

2.3 Estimation

Further notice that, defining Z;; = %Zle Yi;r then just by linearity of (conditional)
expectations
E[Zi; | Si] = ElYijr | Si]

almost surely, and so again using the tower property
0; = BIEY;, | Si] | 0(S;) = 1] = E[E[Z; | Si| | Bi = 1] = E[Z;; | B; = 1] = m, ' E[Z; B]
where 7, := E[B;]. The natural plug-in estimator is then
s 1 -
; =7, " - Zl Zi;B;

where 7, :=n"1'Y. B;.



2.4 Inference

The following inference results are all based on standard arguments, so formal proofs are
omitted for brevity, and the exposition will focus on intuition.

2.4.1 Large Sample Theory

Inference now proceeds by observing that the run-averaged data Z;; are really just iid at
the task level 7. Thus, the effective sample size is m,n, the number of tasks in the bin, but
the run count (here 8 for simplicity, but can be arbitrary) will affect our estimator’s overall
variance, which will have a component due to task heterogeneity and due to run-level noise.

Specifically, we may group all of our | 7| parameters of interest as the vector 6 € [0, 1]/
and the corresponding estimators as 0. By a standard WLLN for iid data (so 7, & ) and
a multivariate CLT for iid data

\/ﬁ(é - 9) ~ N(07 7Tb_12)7

where ~~ denotes convergence in distribution and, for Y, = (Yiy,,...,Yi)" and Z; :=
(Zih BRI Zi\J|)T7
) (1)

The second equality follows by the law of total variance, and decomposes the asymptotic
variance into a component driven by task success heterogeneity (I) and within-task noise
(IT). Adding runs to the dataset therefore only affects the term (II), and one can use this
decomposition as a basis for weighing adding more runs versus more tasks to a future dataset.

Note that this is equivalent to thinking of inference on functionals of the run-level outcome
distribution with task-level clustering (in this setup with an equal number of runs per task).
Regardless of framing, statistical dependence in Y;;, across models and within tasks is left
unrestricted—the data informs it directly, and we need make no additional assumptions.

That this is standard large sample (asymptotic) theory suggests that we need a reasonably
large number of tasks to fall in the bin defined by .8 This in turn suggests that organizations
interested in Al evaluations may want to focus on collecting large amounts of tasks for bins
of greatest interest.

2.4.2 Simultaneous Confidence Sets and Multiple Testing

Ultimately, we want to be able to easily infer significant changes across multiple éjs, or run
hypothesis tests on them all in a way that accounts for multiple testing (|| is not tiny,
10-30 in the METR plot case). We can handle both by appeal to constructing a joint or

8In the 4-16 hours bin, there are 46 tasks.



“simultaneous” confidence region for the elements of 6 (see for reference, e.g., Romano and
Wolf [2007], Chernozhukov et al. [2013]|, Montiel Olea and Plagborg-Mgller [2019]). This
will be the inversion of a multiple testing procedure that controls the familywise error rate
(FWER)—the probability of making any false rejections were we to run a hypothesis test
based on every element of 6.

Specifically, a large sample valid simultaneous confidence interval has the guarantee that

liminf P(C, 20)>1—«
n—oo
for some chosen «, where C, is a data-dependent set (it is random, whereas 6 is fixed). A
straightforward way of constructing such a set of intervals is with a max-t style method,
the intuition for which is as follows. If we wanted to test the null Hy; : ; = 0.5 for all
Jj € J using a common cutoff value ¢, rejecting Hy; when test statistic |7;| > ¢ (where
T; := \/n(f; — 0.5)), then for the set of indices of hypotheses with true nulls I(P),
P(any false rejections) = P Tj| >c)=P 0;—0;] >c) <P 0;—0;] > c).
(any false rejections) = P(max T3] > ¢) = P(max v/ld;—6;| > 0) < Plmasx yilds 65/ > )

So if we set ¢ to be the 1 — a quantile of max;c 7 |v/n(6; — ;)| (or its feasible approximation
with a valid bootstrap), then we obtain “strong” FWER control (in large samples, when we
approximate it).?

Moreover, by the inversion/duality of confidence intervals and hypothesis tests, we may
consider the set
Cn

{0 f%?!ﬂ(éj —9) <ch =W Vel -0 <y =] |4

jeT JjeET

B S
VRV

to be a 1 —a simultaneous confidence set for . That is, the frequentist probability that all of
the 6; are jointly contained by these intervals is 1 -« in large samples, under mild consistency
assumptions for our estimated c¢. To compute this simultaneous confidence set in practice in
large samples, a (multiplier) bootstrap for the 1 — o quantile of max;c |v/n(6; — 6;)| will
suffice at the (iid) task-level. That is, in the given sampling thought experiment, there is no
theoretical motivation to do resampling at any other level (more on this in Section 2.5). In
practice, we would also want to studentize these intervals (this is the true max-t method).
By constructing such a simultaneous confidence set, then, with high probability in a
frequentist sense, all 6; are covered by the random intervals. This is a particularly “plot-
friendly” guarantee, because, in the high probability “good event,” all intervals cover, so we
may simply inspect if the confidence intervals of any two 0;,6; do not overlap to conclude
there is a statistically significant difference between them. Overlap, on the other hand,

%Strong” in the sense that this holds for any possible I(P).



means that we cannot reject based on these CIs that 6; = 6,,.1° Just by inspection, we can
also infer which parameters ¢; we can reject are above or below, e.g., 0.5, which are the
parameters whose intervals lie completely above or below 0.5, respectively, which also comes
with the high probability frequentist guarantee that there aren’t any false rejections (FWER
control). Furthermore, these simultaneous intervals guard against post-selection inference
problems, which is to say looking at the data to select some subset of indices J to report
point estimates and CIs for; again, on the “good event,” all intervals cover, and so any (even
adversarial) choice of indices has correct simultaneous coverage.

These properties of simultaneous coverage are important to have in Cls insofar as joint
statistical guarantees over time/agents are key to forming scientific insight about the rate
of AT progress—especially when a very specific hypothesis test across a specific small set of
models is not reasonably specifiable ex-ante. This is to say that when we look at a plot of
these estimates with simultaneous confidence sets, the sort of things we would intuitively like
to be read directly off of the plot (e.g., non-overlapping intervals means significant difference,
intervals not containing a point have a correction for looking at many intervals) are actually

supported by the underlying statistical theory.

2.5 Discussion

One of the reasons why this analysis gets away with making very few assumptions is that it
does not attempt to estimate, invert, or otherwise do inference on a conditional expectation
function of a continuous variable—the success curve. An implicit argument of the present
analysis, then, is that we need not tackle this more difficult estimation challenge in order to
still learn something relevant to Al capabilities and time horizons from the METR data.

Put another way, analyzing discrete time bins of Al success provides a meaningful
pathway to model-agnostic analysis that informs time horizons; learning expected task
success for every possible human completion time on a segment of real line is both difficult
and possibly overkill. Given how much uncertainty already lives in a fairly coarse time
bin, one might be skeptical of inferences at specific points (infinitesimally small bins) in
the space of human completion time that appear quite certain under statistical modeling
assumptions. That said, methods related to (adaptive) shaped constrained inference for
regression functions or (adaptive, conditional) moment inequalities may also prove useful
in surfacing a more agnostic estimation and inference strategy that directly yields point
estimates of time horizon quantity (c.f., Andrews and Shi [2013], Armstrong [2015], Chetverikov
[2018], Chetverikov et al. [2018]). Future work might consider this.

10Gimultaneous tests of pairwise differences could improve power to separate model capabilities, by
leveraging estimated covariances that can’t be read off of the plot directly, under appropriate multiple
testing corrections. As such, failing to reject based on overlap in the simultaneous 0} plot is conservative.
More on this in Section 3.



If one’s goal is to learn latent parameters attached to some statistical model and do
estimation and inference on those parameters, as using item-response theory (IRT) style
methods might suggest, then parametrically modeling success curves and assessing fit may
be the most natural approach. However, the agnostic philosophy would be quite skeptical
of both the interpretability and intrinsic meaningfulness of such latent parameters, which
could have less legible construct validity than imperfect but highly interpretable task success
measures.

It’s also worth noting that quantified uncertainty seems to be a meaningful part of how
the original METR author(s) and subsequent researchers interpret the METR plot results
[Kwa, 2026, Barry, 2026]. However, the original analysis of the data in Kwa et al. [2026]
provides no formal justification for their hierarchical bootstrapping procedure, which drives
uncertainty quantification in the headline plots. The agnostic analysis, by virtue of being
a question about parameter inference, forces clarity and justification for formal confidence
statements.

Lastly, the agnostic analysis is trivial to produce from a computational perspective, as
opposed to more complicated parametric model fitting approaches (c.f., discussion of Model
2 of Nguyen and Fithian [2026], or needing to bootstrap many, many logistic regressions in
Kwa [2026]).

3 Empirics

3.1 Analysis of the 4-16 Hour Human Completion Time Bin

We now implement the framework discussed in the previous section, using METR’s publicly
available v1.1 data [METR, 2026].

Specifically we set b to pick out tasks with human completion times in the (4, 16] hour
interval (the smallest coherent frontier bin with reasonable amounts of data). We focus on
agents from the “reasoning era” onward, which is an ex-ante choice of agents that would be
competitive in this time bucket. There are 46 tasks on which all reasoning agents complete
their assessments.

Figure 1 plots the conventional, large sample valid, parameter-by-parameter Wald intervals
as well as the discussed simultaneous intervals and parameter point estimates; implied FWER
control is at o = 5%, and studentization is performed in a multiplier bootstrap.!* A dotted
horizontal line indicates an expected task success rate of 50%. Figure 2 plots the same
information, but scattered by release date of model.

The most salient insights from these plots seem to be:

1Tn practice, we could also estimate log-odds (valid via a conventional delta method argument in large
samples) and the apply an expit transformation to produce intervals that always remain within the support
of the data.



1. The frontier Al progress time trend (as defined by agents that led performance at any
point in time) appears to be linear with a slope of approximately 4 percentage points
increase per month in expected 4-16 hour task success. Completely speculatively, if
this trend continued, it would saturate the “4-16 hour benchmark” by roughly the start
of 2027.

2. Only Claude Mythos Preview has a simultaneous interval sitting entirely above 0.5,
indicating we would reject its time horizon is below 4 hours under a monotonicity
assumption—we fail to reject this hypothesis (simultaneously) for any other model
since the reasoning era started. Similarly, using monotonicity, an interval entirely
below 0.5 bounds the time horizon from above by 16 hours, which is true of models
released before GPT-5.

3. Using these simultaneous intervals for éjs, one cannot statistically distinguish the
expected task success rate of Mythos from any model post Claude 4.1 Opus, as
indicated by overlapping simultaneous confidence intervals. If we instead apply the
agnostic framework to doing simultaneous inference on 6; — 6, for all unordered pairs
J,7 € J (105 comparisons in total), inference on changes in agent success is more
powerful, but we still can’t distinguish Claude Mythos from Claude Opus 4.6—see
Figure 4 in Section 5.1.

4. In general, most Al agents released in a 6 month window or so of one another cannot be
teased apart with the existing METR data, again based on insights directly communicated
by the simultaneous confidence intervals in Figures 1 or 2, as well as the more powerful
simultaneous pairwise difference inferences plotted in Figure 4 in Section 5.1 (similarly
true for the rank inference plot derived from it, Figure 5, in the spirit of Mogstad et al.
[2024]). Evidently, more tasks would be needed to separate models 6 months or so
apart.

3.2 Time Horizon Plot Redux

One way of nonparametrically producing a METR-style time horizon plot directly using our
framework from Section 2 is to expand simultaneous inference to all agents in all human
time completion bins (that is, bins growing by approximately 4x human time completion),
and then plot inferred frontier upper and lower bounds for time horizons over calendar time
(again, under a monotonicity assumption). This yields the plot in Figure 3.

As can be seen, Figure 3 is much coarser in its information content than the original
Figure 1 of Kwa et al. [2026], reflecting sampling variability in the underlying dataset and
the fact that we do not point identify or point estimate time horizons. It is consistent with

more powerful inference on the 4 hour time horizon lower bound per Figures 1 or 2, and

10
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Figure 1: Expected task success rate by Al agents in the post-reasoning era, based on v1.1
of METR’s time horizon dataset.

reveals that Mythos’s release is meaningful in that it was the first model to push the 50%-
time horizon lower bound away from 15 minutes since the reasoning era started—though the
80%-time horizon lower bound is meaningfully pushed already by GPT-5 (and the upper
bound pushed by Claude Opus 4.5 and then again by Claude Opus 4.6). Moreover, this
plot communicates that we cannot rule out (using the METR v1.1. data and this simple
agnostic approach) that the 50%-time horizon has been between 4 and 16 hours for the entire
reasoning era.

Recreation of the entire time horizon plot costs power as the price of simultaneous
inference (multiple testing) for all agents in all human time completion bins. As such,
conditional on living in a world with agent capability priors informed by the original METR
plots, more powerful benchmark-style analyses that still speak to time horizons, such as

those in Figures 1 and 2, may prove more attractive going forward.
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Figure 2: Expected task success rate by Al agents in the post-reasoning era, scattered with
release date, based on v1.1 of METR’s time horizon dataset.

4 Takeaways

This reanalysis aims to see just how much we can learn about Al progress from the dataset
that produced the famous METR plots using “agnostic” methods that make as few assumptions

as possible. The headline takeaways are:

1. Methodological Takeaways: By treating the METR data (or data like it) as inputs to
a model-agnostic inference problem, we still unlock rich insight about Al progress and

time horizons, but retain a high degree of legibility and credibility in the results: the
meaning of the object of interest being estimated, the population that it is relevant
with respect to, and rigorous uncertainty quantification all become clear and available
under few assumptions. There is no need to search for the next best statistical model
of the data. We lose point estimates for time horizons but still have assumption-lean
bounds, and there is further reason to believe future work could develop more agnostic
point estimates as well.

2. Empirical Takeaways: AI progress still looks very fast, even with an agnostic

approach. That said, some takeaways from the original METR plot(s) seem moderated
or qualified. Namely, using METR’s v1.1 data, Claude Mythos appears to be a
somewhat less pathbreaking point of progress (especially relative to Claude Opus

12
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Figure 3: Nonparametrically estimated frontier time horizons for Al agents in the post-
reasoning era, based on v1.1 of METR’s time horizon dataset and using 95% simultaneous
intervals for expected task success rate in all time bins. In increasing human completion
times, bins contain 82, 38, 36, 22, and 46 tasks, respectively.

4.6); agent performance is rigorously shown to be statistically indistinguishable in
multi-month time ranges; and frontier 50%-time horizon inferences only speak to lower
bounds recently rising above 4 hours (and 80%-time horizon lower bounds are still at
15 minutes as of Mythos Preview).

3. Practical Takeaways: The results in this note also directly suggest how to think about

adding more runs to the benchmark versus adding more tasks in order to reduce
uncertainty (owing to the variance decomposition) and how to collect tasks of certain

lengths going forward to inform rigorous, more granular time horizon inferences.
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5 Appendix

5.1 Simultaneous Inference on Pairwise Differences and Ranks

The simultaneous intervals in Figures 1 and 2 yield conservative inference on differences in
6;s. To improve power, while still accounting for multiple testing, we can directly apply the
framework of Section 2 to the vector of all unordered paired differences in expected task
success rate, that is the vector collecting (3, := 6; — 6, for all unordered pairs j,j" € J.
We can visualize the results of doing so in Figure 4 (read by looking at the y-axis grid
labels and working down), in which we see that we fail to reject Claude Opus 4.6’s expected
task success rate is different from Claude Mythos’s, and further notice that—as Figure 1
suggested—most models before Mythos cannot be distinguished from one another in 4-6 or
so month ranges.

Per Mogstad et al. [2024], we can use this sort of pairwise difference information with
simultaneous coverage to directly create a simultaneous confidence region for expected task
success rate rank of agents, depicted in Figure 5. This plot makes it even clearer that
differentiating agent performance is difficult in most of the recent past using the METR
data, and also suggests 3 reasoning eras that we have smoothly transitioned between: the
first spanning OpenAl’s 01-03, the next spanning Gemini 3 Pro through Claude Opus 4.6,
and another then beginning with Claude Mythos Preview.
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Figure 4: Differences in expected task success rate of Al agents in the post-reasoning era,
based on v1.1 of METR’s time horizon dataset, FWER control at 95% via max-t.
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Figure 5: Ranks of expected task success rate by Al agents in the post-reasoning era, in the
style of Mogstad et al. [2024], based on v1.1 of METR’s time horizon dataset.
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