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Abstract

When a paper, a leaderboard, or a vendor announcement states that a language model scores a given
number on a benchmark, the uncertainty that matters to the reader is not the within-run standard error
that the evaluator could have computed. It is the spread of what different reporters publish for the
very same model–benchmark cell. We treat the published record itself as the measurement system under
study. From a curated multi-source corpus of benchmark reports we build a source-linked panel covering
10 benchmarks and 154 model–benchmark cells with at least two distinct reporting sources, and we first
pass it through a pre-registered independence audit that flags reports whose values are identical to the
vendor’s own claim—consistent with propagation rather than independent measurement: 33.7% of non-
self-report observations in auditable cells carry such flags under our primary rule. On the audited panel
we estimate, per benchmark, the between-source reproducibility standard deviation τ with a common-τ
Paule–Mandel estimator whose small-k behaviour we validate by simulation before touching the data.
Across benchmarks the median τ is 6.1 percentage points, and the median benchmark-specific ratio of τ to
the item-sampling standard error implied by benchmark size—the error bar a well-behaved single report
would carry—is 5.5. Under the fitted model, the 95% predictive band for the difference between two
future single-source reports from independent sources covers zero for 97.9% of adjacent-rank consensus
gaps on canonical orderings. We release the panel, the audit rules, and a per-benchmark discount table:
the minimum published score difference that constitutes evidence under the record’s own dispersion. All
numbers in this paper are generated by scripts from the released data; every guarantee has an executable
check that fails if it is false.

1 Introduction
A single number—“model M scores y on benchmark B”—is the atomic unit of evidence in contemporary
language-model evaluation. Recent work has made real progress on the uncertainty inside one evaluation:
standard errors across items [12], variance across repeated runs [2, 10], and the sensitivity of scores to harness
and format choices under controlled re-runs [1]. All of these quantify what the evaluator could have reported.
But the reader of a paper, a procurement memo, or a launch post is rarely the evaluator. The reader consumes
the published record: a scatter of numbers produced by vendors, leaderboards, independent evaluators, and
third-party papers, each under its own configuration, and—as we show—frequently indistinguishable in value
from copies of one another.

Recent infrastructure work has documented, descriptively, that this record is inconsistent. The Evaluation
Cards project reports that 98.2% of model–benchmark pairs in a large monitoring corpus are reported by
only a single party, and that where multiple parties do report the same pair, the reports diverge substantially
more than half the time [6]. Independent evaluators have published striking individual discrepancies between
claimed and reproduced scores [4, 14]. What the descriptive layer does not provide is the inferential layer a
reader needs: how wide is the dispersion, in points, per benchmark; how much of the apparent multiplicity
of sources is real measurement rather than citation; and what score difference between two models survives
that dispersion when each number the reader holds is a sample of one.
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This paper supplies that layer. Our claim is deliberately narrow and falsifiable: on the benchmarks
where the public record contains enough genuinely independent repeated measurements, the between-source
reproducibility standard deviation exceeds the item-sampling standard error implied by benchmark size—
per benchmark—by a factor large enough to overturn a substantial fraction of published adjacent-rank
comparisons. Both thresholds—the factor and the fraction—were fixed in a pre-registered claim lock before
the main analysis ran, together with the audit rules and the estimator; had the record turned out to be
consistent, the honest-negative outcome was pre-committed for publication as such.

Contributions.

1. A source-linked panel of the published record. We consolidate 2426 score observations spanning
52 benchmarks from a curated multi-source corpus (vendor technical reports, independent evaluation
organizations, and third-party papers), normalized, configuration-annotated, and released with per-row
provenance.

2. An independence audit and the propagation rate. Pre-registered rules flag each non-self-report
observation by whether its value is identical to the vendor’s own claim (consistent with propagation)
or numerically distinct. The propagation rate itself—33.7% under the primary rule, 36.1% under the
permissive one (24.7% within the analysis cells)—is, to our knowledge, the first quantitative estimate
of how much of the LLM benchmark record is value-identical to the vendor’s claim, consistent with
propagation rather than independent measurement.

3. Validated between-source variance components. A common-τ Paule–Mandel estimator, pooled
across cells within a benchmark, with Q-profile intervals; its coverage at the small per-cell source counts
typical of the record (k=2–8) is established by simulation before the estimator touches real data, and
the simulation is shipped as an executable check.

4. Decision artifacts. Per-benchmark discount tables (the minimum published difference that excludes
zero at 95% for a one-report-per-model reader) and adjacent-rank ambiguity rates; both are computed
from the audited panel and regenerate from scripts.

5. Restriction analysis. Restriction analyses probe how dispersion responds to conditioning on disclosed
configuration (shots, source type)—separating variance that is attributable in principle from variance
that is observable to a reader, which is the quantity that governs trust in a single number.

2 Related work
Uncertainty within one evaluation. Miller [12] advocates item-level standard errors for evals; Blackwell
et al. [2] and Madaan et al. [10] quantify run-to-run and seed variance under a fixed harness. These charac-
terize the noise floor of a single measurement pipeline; our headline ratio’s denominator is the item-sampling
component of that floor, and our numerator is what none of them estimate—the spread across the published
record.

Controlled sensitivity studies. Cross-harness and format-sensitivity experiments re-run models under
systematically varied configurations [1, 16, 18]. Such studies measure what could vary under intervention.
Our object is different: what did vary in the record the community actually consumes, including its depen-
dence structure.

Reporting infrastructure and descriptive audits. Evaluation Cards [6] structures the ecosystem’s
reports and documents divergence prevalence; leaderboard operators have documented individual reproduc-
tion gaps [14, 4, 7]; re-scoring efforts have shown that re-grading a single benchmark reorders its leaderboard
[17]. We rely on this descriptive layer for motivation and, in part, for data—and add the estimation layer it
explicitly lacks.
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Evidence synthesis and metrology. Random-effects meta-analysis and its small-sample corrections
[5, 13, 9, 8] and interlaboratory reproducibility analysis under ISO 5725 [15] supply our statistical machinery;
prediction-interval coverage at few studies is a known failure mode [11] which is precisely why our estimator
ships with a pre-run simulation gate. Domain-specific meta-analyses of LLM performance pool effects across
heterogeneous studies to compare models; our unit of synthesis is instead the repeated measurement of a
single model–benchmark cell, and our estimand is a property of the reporting process itself.

Concurrent unverifiable disclosure. An entry on an autonomous-agent preprint site [3] describes a
random-effects synthesis of benchmark reports from papers of the 2023–2025 era (an extended page render-
ing appeared between our retrievals of 2026-07-11 and 2026-07-12; the dataset whose release it announces
remains unavailable). The described design pools paper-reported scores assuming report independence—the
assumption our audit is built to test—with Egger-type publication-bias analysis; none of our estimands (prop-
agation rate, τ -to-item-sampling-SE ratio, discount tables, rank-ambiguity rates, modern-era directional gap)
appear in it. We cite it for completeness of the record.

3 The panel
Sources. Our primary corpus is the public multi-source benchmark compilation released by Epoch AI
(retrieved 2026-07-11; CC-BY; archive hash pinned in the release), whose per-benchmark files aggregate
score reports with an explicit Source field: vendor technical reports, Stanford HELM, and third-party
papers, alongside Epoch’s own standardized Inspect-based runs with reported standard errors. We restrict
to knowledge, reasoning, and coding benchmarks. Scores are normalized to [0, 1] with a pre-registered scale
rule and reported in percentage points; shot counts and configuration notes are retained where present. The
record divides naturally into a classic-era track (multi-source coverage from technical reports and HELM)
and a modern-era track (vendor launch claims paired with standardized independent runs); we report them
separately and never pool across tracks.

Unit and inclusion. A cell is a (benchmark, model) pair; an observation is one source’s reported score
for that cell. Cells enter the analysis with keff ≥ 2 post-audit sources; benchmarks enter with at least five
included cells and pooled degrees of freedom

∑
c(kc − 1) ≥ 8. The full filtering ledger—every row count at

every stage—ships as join_report.json.

4 The independence audit
The panel’s apparent source multiplicity overstates its information content if reporters copy numbers. Two
pre-registered rules classify each non-self-report observation in cells that also contain the vendor’s own claim:

• Rule A (primary). The observation equals the self-report to four decimal places after normalization,
and the disclosed shot configuration does not contradict the self-report’s. Such an observation is
classified as propagated.

• Rule B (permissive). Rule A, or equality at the observation’s own reported rounding precision.

Propagated observations collapse into the self-report source when counting effective sources keff . An
independent manual re-execution of the rule on 40 mixed flagged and unflagged observations—repeated after
the D1.2 implementation fix—reproduced the coded flags exactly (κ = 1.00); this checks the implementation,
and the rule’s semantic limits are stated below. We report all headline quantities both with and without the
audit; the difference is itself a finding about how much naive source counting inflates apparent evidence.

Two honest limitations are declared up front: value equality cannot detect copies that were rounded
differently or transformed (an undercount direction), and near-equality of two genuinely independent runs is
possible (an overcount direction)—so the rate is a conservative heuristic rather than a bound, and the spot
check plus the with/without-audit contrast accompany it rather than a single point claim.
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5 Statistical model
Within benchmark b, observation s of cell c is modeled as

ycs = µc + ucs, ucs ∼ (0, τ2b + σ2
cs), (1)

where σ2
cs = p̄c(1− p̄c)/nb is the binomial item-sampling variance at the benchmark’s item count nb, and τb—

the estimand—is the between-source reproducibility standard deviation. This is the one-way random-effects
layout of interlaboratory precision analysis, with sources in the role of laboratories.

Estimation. We estimate a common τb per benchmark by pooling the Paule–Mandel estimating equation
across cells: with weights wcs(τ) = (σ2

cs + τ2)−1 and weighted cell means ȳc(τ), the generalized Cochran
statistic Q(τ) =

∑
c

∑
s wcs(τ) (ycs − ȳc(τ))

2 has expectation df =
∑

c(kc − 1) at the true τ ; τ̂ solves
Q(τ̂) = df by bisection, with the DerSimonian–Laird moment estimator as a sensitivity companion. Interval
estimates come from the Q-profile: {τ : χ2

df,0.025 ≤ Q(τ) ≤ χ2
df,0.975}.

Pre-run validation. Because per-cell source counts are small, the estimator was validated by simulation
over k ∈ {2, 3, 5, 8}, τ ∈ {0, 0.5, 1, 2, 4} points, and two benchmark sizes, before the main analysis was
inspected; the acceptance band for 95% interval coverage was fixed at [0.90, 0.98] in the claim lock. Results
are in Section 8.

Reader-facing quantities. For a reader holding one report of each of two models c, d on the same
benchmark, the difference has predictive variance 2τ2b + σ2

c + σ2
d; with tdf calibration this yields (i) the

discount: the minimum published difference excluding zero at 95%, and (ii) the adjacent-rank ambiguity
rate: the fraction of adjacent pairs on the benchmark’s pooled-mean ordering whose observed difference falls
inside the interval.

Shared-reporter dependence. One source (a technical report, a leaderboard) contributes observations
to many cells, so source–cell deviations need not be independent: a reporter’s harness may shift all its
numbers together (a “house effect”). We probe this with a crossed model ycs = µc + λs + ecs, where λs is
shared across all cells of source s and ρ = Var(λ)/τ2 is the dependence share, simulated on the real source–cell
incidence matrices of all ten benchmarks. Three findings (Section 8, item 7): the τ̂ point estimates remain
nearly unbiased even at full dependence (median bias -4% at ρ=1); the per-benchmark Q-profile intervals
are reliable at low dependence but undercover as ρ grows (median coverage 0.95 at ρ=0, 0.79 at ρ=1)—so
we treat them as conditional on weak house effects and lean on deletion-based robustness checks; and the
reader-facing predictive band is insensitive to ρ throughout (coverage 0.905–0.998 across all cells)—for two
reports from different sources, house effects add to the gap rather than cancel, so the band formula already
prices them in.

6 Results
6.1 Panel and audit outcome
From 52 benchmark files we retained 2426 normalized observations; 10 benchmarks met the pre-registered
inclusion gate (at least five multi-source cells and pooled df ≥ 8), contributing 154 cells and 453 observations
with total df = 299. Scale anomalies (114 rows on rating-scale leaderboards) were excluded by the range
check, and zero rows outside [0, 1] survive in the panel.

On the included benchmarks, 84 of 249 non-self-report observations in auditable cells (33.7%) are exact
matches of the vendor’s own claim under Rule A (36.1% under Rule B; within the analysis cells the rate
is 54 of 219, 24.7%—both denominators are stated because they differ). By the most conservative test
available, one third of the record’s apparent independent corroboration is value-identical to the vendor’s
claim—consistent with propagation rather than independent measurement. Removing it does not make the
record look noisier—it makes it look noisier than it looked: copies cluster at the vendor’s value, so the
unaudited panel understates dispersion (median τ̂ 5.3 points unaudited vs. 6.1 audited; Figure 4).

4



Table 1: Main results per included benchmark (audited panel). τ̂ = between-source reproducibility SD
(points) with 95% Q-profile CI; ratio = τ̂ over the median item-sampling SE; discount = median minimum
published difference between two models that excludes zero at 95% for a one-report-per-model reader; flip
= adjacent-rank pairs whose observed difference falls inside that interval.

Benchmark cells df τ̂ [95% CI] ratio discount (pts) flip

OpenBookQA 10 15 11.5 [8.4, 18.0] 5.2 35.3 9/9
HellaSwag 7 13 9.1 [6.6, 14.7] 20.0 27.8 6/6
ARC-Challenge 18 36 8.1 [6.5, 10.6] 5.6 23.6 17/17
TriviaQA 9 10 7.1 [4.9, 12.4] 16.1 22.3 8/8
GSM8K 19 54 6.8 [5.7, 8.4] 5.4 19.5 18/18
BBH 12 15 5.5 [4.1, 8.6] 9.1 16.8 11/11
WinoGrande 17 31 4.8 [3.8, 6.5] 3.9 14.4 16/16
BoolQ 17 40 3.9 [3.2, 5.0] 5.8 11.3 16/16
MMLU 29 55 2.1 [1.8, 2.6] 5.3 6.1 25/28
PIQA 16 30 1.1 [0.7, 1.7] 1.2 4.1 15/15

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
percentage points

PIQA
MMLU
BoolQ

WinoGrande
BBH

GSM8K
TriviaQA

ARC-Challenge
HellaSwag

OpenBookQA

median item-sampling SE
between-source  (95% Q-profile CI)

Figure 1: Between-source reproducibility SD τ̂ per benchmark (dots, 95% Q-profile CIs) against the median
item-sampling SE implied by benchmark size (red ticks). The gap between the two is the uncertainty that
a single report’s error bar does not carry.

6.2 Between-source dispersion
Table 1 and Figure 1 give the central estimates. The median between-source SD across benchmarks is 6.1
points, and the median benchmark-specific ratio of τ̂ to the item-sampling SE is 5.5; every benchmark except
PIQA exceeds the pre-registered factor-of-three threshold. Dispersion is strongly benchmark-dependent:
MMLU, the most protocol-standardized benchmark in the panel, sits at 2.1 points, while generative and
format-sensitive benchmarks (GSM8K, OpenBookQA, HellaSwag) run several times higher. Under source-
clustered resampling—a scheme that is mechanically downward-biased for variance components at these
cluster counts (bootstrap draws center at 0.60 × the point estimates on data where the simulation shows the
estimator itself is nearly unbiased)—the cross-benchmark median ratio still exceeds 1.9 at the 2.5th percentile:
τ exceeds the item-sampling SE cluster-robustly. The stronger factor-of-three count (9 of 10 benchmarks)
is a point-estimate statement and is not cluster-robust (resampled share of qualifying benchmarks spans
0.3–0.8); we report both readings.
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Figure 2: The discount table: minimum published score difference that constitutes evidence under the
record’s own between-source dispersion (95%, one report per model).

6.3 What survives the record’s own dispersion
Propagated into the model-implied 95% predictive band for the difference between two single-source reports
drawn from independent sources, the dispersion is disqualifying for fine-grained comparisons: for 141 of 144
adjacent-rank consensus gaps (97.9%) the band covers zero. Two qualifications are part of the estimand: the
band assumes the two reports come from different sources (comparing two numbers from the same standard-
ized source removes the between-source component—and is exactly the remedy Section 9 recommends), and
the tdf calibration is a convenience approximation (the simulation gate validates τ interval coverage, not the
band’s exact coverage). The band itself is validated in two independent ways: under crossed-dependence
simulation its empirical coverage stays within 0.905–0.998 at every dependence level, and under source-
clustered resampling the pooled ambiguity share never falls below 87.3%. We stress the mechanics: once
τ reaches several points, adjacent leaderboard distinctions die almost wholesale—this is the finding, not an
artifact of the denominator, and the per-benchmark discount column of Table 1 is the constructive form of
it. On MMLU a published gap below 6.1 points is not evidence at face value; on GSM8K the bar is 19.5
points; on ARC-Challenge, 23.6 (Figure 2). Differences that clear these bars—typically cross-tier rather than
adjacent-rank comparisons—remain perfectly decidable.

6.4 Modern-era track: vendor claims vs. standardized reruns
The classic-era record is dominated by technical-report cross-citations; the modern-era record pairs vendor
launch claims with standardized independent evaluations of the same models (Epoch AI’s Inspect-based runs),
with official launch-page provenance for every claim (URL receipts released with the panel). Between-source
dispersion persists: τ̂ = 3.6 points on GPQA-Diamond (18 models; all sources are vendor or standardized
runs) and, on SWE-bench Verified, 2.5 points over the mixed record (vendor + official leaderboard + stan-
dardized runs, 16 cells) rising to 3.4 points on the vendor-vs-standardized subset (10 cells)—1.4 × and 1.7
× the standardized runs’ own empirical standard errors. And it is directional: the vendor’s number exceeds
the standardized measurement for 15 of 18 models on GPQA-Diamond (median +2.0 points) and 10 of 10
on SWE-bench Verified (median +5.5 points). Under a two-sided sign test the SWE-bench asymmetry has
p < 0.01. Configuration differences (tools, attempts, scaffolds) plausibly explain part of the gap—which is
precisely the point: those configurations are the vendor’s choice, are frequently undisclosed, and their effect
lands entirely on the reader.
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Figure 3: Modern-era track: vendor-claimed scores vs. standardized independent runs of the same models.
Vendor claims sit above the independent measurement for 15/18 models on GPQA-Diamond and 10/10 on
SWE-bench Verified.

Table 2: Moderator analysis. τ̂matched re-estimates dispersion using only observations matching each cell’s
modal disclosed shot configuration (with its own df); self−indep is the median cell-level difference between
a model’s self-reported score and the mean of independent reports (number of such cells in parentheses).

Benchmark τ̂ (pts) τ̂matched dfm self−indep (pts)

OpenBookQA 11.5 9.5 14 +20.9 (3)
HellaSwag 9.1 0.7 8 +9.4 (2)
ARC-Challenge 8.1 5.9 17 -5.1 (11)
TriviaQA 7.1 7.3 9 -8.9 (1)
GSM8K 6.8 4.3 19 +0.1 (13)
BBH 5.5 4.8 14 -7.1 (8)
WinoGrande 4.8 0.0 15 +1.2 (8)
BoolQ 3.9 3.4 7 -0.1 (9)
MMLU 2.1 2.2 49 -0.0 (19)
PIQA 1.1 0.8 3 +0.6 (7)

7 What explains the dispersion—and why it does not rescue the
single number

Restricting to each cell’s modal disclosed shot configuration (Table 2) splits the benchmarks cleanly. These
are composition-changing restrictions—cells and degrees of freedom shrink (e.g., WinoGrande df 31 → 15)—
so they probe sensitivity, not a variance decomposition. With that caveat: on WinoGrande the restricted
point estimate drops to zero (τ̂ 4.8 → 0.0 points) and on HellaSwag nearly so (9.1 → 0.7)—consistent with
protocol variation dominating those records. On MMLU the restricted estimate does not move (2.1 → 2.2
points): protocol-matched reports still disagree, implicating harness, parsing, and version factors beyond the
shot count. GSM8K, ARC-Challenge, and BBH shrink partially and remain several points wide.

Classic-era self-reports show no systematic sign relative to independent reports at the cell level (Table 2,
last column; small counts per benchmark)—in contrast to the modern-era launch-claim asymmetry of Sec-
tion 6. We flag the contrast descriptively, without a causal claim: in this panel, the classic-era record
disperses without direction, while the modern-era launch record is directionally vendor-favorable.

A configuration-explained component is often read as reassurance: if shots or harness explain the gap,
the record is “fine, just heterogeneous.” This inverts the reader’s problem. Attribution requires observing the
configuration; the record’s configurations are frequently undisclosed (20.4% of raw observations in included-
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Figure 4: The audit matters in both directions. Left: share of non-self reports that exactly reproduce
the vendor’s number (Rule A). Right: removing them raises τ̂ on most benchmarks—copies masquerade as
agreement.

benchmark files carry no shot annotation). Variance that is attributable in principle but unobservable in
practice is, for the reader of a single number, indistinguishable from noise. Our headline quantities therefore
condition on nothing the reader does not see.

8 Executable guarantees
Every load-bearing claim in this paper is coupled to a check that executes and can fail. The suite ships with
the release; outcomes below are the shipped run’s.

1. Pre-registration. Headline estimands, audit rules, inclusion gates, thresholds (ratio ≥ 3; ambiguity ≥
20%), and the honest-negative commitment were frozen in a claim lock (SHA-256 2854d3d04204) before
the main analysis produced numbers. The two headline thresholds are exceeded; the pre-committed
negative framing was not needed.

2. Estimator validation precedes data. The common-τ Paule–Mandel estimator and Q-profile in-
tervals were simulated over k ∈ {2, 3, 5, 8}, τ ∈ {0, 0.5, 1, 2, 4} points, and two benchmark sizes (40
grid cells, 1000 replicates each) before inspection of real-data results. Coverage falls in the accepted
[0.90, 0.98] band in all cells except 1 (τ = 0, k = 3, nb = 1319), where intervals over-cover (up to
0.982)—a conservative failure direction that cannot manufacture our findings. The claim lock’s origi-
nal text mandated switching estimators on any out-of-band cell; we retained the estimator and recorded
a formal protocol deviation instead (addendum D1: switching would introduce machinery without a
validated simulation gate, to escape a deviation that is conservative).

3. Audit implementation validity. An independent manual re-execution of Rule A on 40 mixed
flagged and unflagged observations—run before and repeated after the D1.2 implementation fix (record:
gates/L2_SPOTCHECK.md)—reproduced the coded flags exactly (κ = 1.00). This validates the
implementation, not the rule’s semantic ground truth: Rule A misses re-rounded or transformed
copies (undercount) and can coincidentally match genuinely independent replications (overcount); the
with/without-audit contrast in Figure 4 bounds its influence in both directions. An initial per-source
implementation of the rules was caught by cross-model review and corrected to the pre-registered
per-observation semantics (addendum D1.2), with all numbers regenerated.

4. Perturbation robustness. Leave-one-source-type-out re-estimation (dropping HELM, dropping self-
reports, dropping the single largest third-party source) moves no benchmark’s τ̂ by more than 3.6
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points, and no headline threshold verdict changes.

5. Independent re-derivation. The estimator was implemented twice from the specification by different
parties; on BoolQ both implementations agree to four decimal places (3.8890 points), and the second
implementation produced the moderator and modern-era analyses.

6. Mechanical integrity. Every number in this paper is generated from released result files by a macro
pipeline (no hand-typed statistics); both analysis pipelines were executed twice with byte-identical
outputs (hashes in the Reproducibility statement); scale normalization admits zero surviving out-of-
range rows (114 anomalous rows excluded and logged).

7. Dependence sensitivity (post-review addition). A crossed source-effect simulation on the real
incidence matrices (ρ ∈ {0, 0.5, 1}, 1000 replicates per cell) and a source-clustered bootstrap (B=1000)
probe shared-reporter dependence. Outcomes, reported without smoothing: point estimates near-
unbiased (median -4% at ρ=1); Q-profile coverage degrades from 0.95 (ρ=0) to 0.79 (ρ=1), so per-
benchmark τ intervals are conditional on weak house effects; the predictive band holds 0.905–0.998 at
all ρ; the ambiguity conclusion survives resampling (worst-case 87.3%); the factor-of-three benchmark
count does not (0.3–0.8), and the paper states it as a point-estimate reading only.

9 Limitations
• Era coverage. Multi-source depth concentrates in the classic-era record; the modern-era track is

thinner and reported separately. Our claims are about the record where repeated measurement exists
at all—itself only 1.8% of pairs by Evaluation Cards’ census [6].

• Propagation detection limits. Rule A misses transformed or re-rounded copies and can coinci-
dentally flag independent replications that landed on the same value; the reported rates are heuristic
estimates whose influence is bounded in both directions by the with/without-audit contrast.

• Item-sampling variance approximation. The binomial σ2 at published item counts approximates
the single-pipeline noise floor from item sampling alone (run-to-run and seed variance would add to
it); where standardized runs publish empirical standard errors we validate the approximation directly.

• Shared-reporter dependence. Sources span cells, and the dependence analysis shows per-benchmark
τ intervals undercover when house effects dominate; the decision artifacts (band, discounts, ambigu-
ity rates) are the dependence-robust outputs, and the factor-of-three count should be read at point-
estimate level.

• Dispersion is empirical, not causal. τb mixes protocol variation, version drift, and error; we probe
dispersion under configuration-matched restriction but make no mechanism claims.

• Curation dependence. The panel inherits the curation choices of its source compilation; the filtering
ledger and released scripts make every exclusion inspectable.

10 Conclusion
The field has learned to put error bars inside single evaluations. This paper measures the error bar the
reader actually needs: the one implied by the published record’s own dispersion, after removing the reports
that are value-identical to the vendor’s claim. On the audited record, a published score carries a between-
source component of standard deviation τ (median 6.1 points) on top of its item-sampling error, so its total
uncertainty is

√
τ2 + σ2, not the σ a report could quote; benchmark by benchmark, τ runs a median of 5.5×

the item-sampling error bar, and under the fitted model 97.9% of the adjacent-rank distinctions readers
routinely consume do not survive it. The released panel, audit, and discount tables make the correction
usable directly; the executable-guarantee suite makes every claim in this paper falsifiable by running a
script.
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A Reproducibility statement
The source data archive is pinned (Epoch AI Capabilities dataset, retrieved 2026-07-11, CC-BY; SHA-256
prefix 2c654e48d9c2), and the claim lock (2854d3d04204) predates all main-analysis numbers. The release
contains: the panel builder and audit (build_panel.py), the estimator and headline analysis (analyze.py),
the pre-run simulation suite (sim_coverage.py), the moderator/modern-era analysis (extras.py), vendor-
claim provenance (vendor_claims.csv with one receipt URL per row), figure and macro generators, and
the filtering ledger (join_report.json) recording every row count from raw files to the audited panel. Each
analysis script was run twice with byte-identical output hashes (recorded in REPRO.txt and SIM_REPRO.txt).
Rebuilding the paper is: run the four analysis scripts, run make_figures.py and make_macros.py, compile.
No number in the text, tables, or figures has any other origin. The deterministic seed is 20260711 throughout.
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