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Abstract

Modern Al benchmarks for language models and agents are legitimately stochastic: re-running
the same item can flip a pass to a fail even at temperature zero, and reported gains of a few points
are routinely within this run-to-run noise. We ask a question the software-engineering “flaky-test”
literature answers for deterministic code but that has no answer for stochastic evaluation: which
specific items are flakier than the benchmark’s own noise can explain, and can we isolate them
with a statistical guarantee? We import flaky-test quarantine into eval science and give it the
missing guarantee. We define a per-item excess-flakiness hypothesis—item flip-rate < a difficulty-
conditioned baseline—test it with a betting e-process that is valid at every accumulating run, and
feed the per-item e-values to the stopped-e-BH procedure, yielding a quarantine set whose false-
discovery rate (FDR) is controlled at a user-chosen level g at any stopping time. We are explicit
about the seam in this guarantee: the anytime-FDR theorem requires a fixed/external per-item
baseline, whereas the deployed pipeline estimates the baseline from the same flips (a leave-one-
out pooled peer rate), which couples the item streams and steps outside the theorem. We therefore
separate proven from empirically-checked: we add a null simulation that estimates the baseline
exactly as deployed and measures the realized FDR. We write the validity tests before the method—
planted recovery, a homogeneous-noise break-test, near-boundary anytime-FDR under optional
stopping, and the estimated-baseline null—and the suite caught three real bugs. On simulations,
FDR under the fixed baseline stays at 0.0% while detection power climbs with the run budget
(25.5% at K=11 runs, 53.1% at K=21). Under the estimated baseline the global-null FDR is
empirically 0.1% (not inflated; the leave-one-out estimate is conservative because flaky peers bias
it upward, costing power rather than control). The “so what”: on a clearly-labeled semi-synthetic
benchmark built from a real 1000-item difficulty profile with 21 runs, the FDR rule quarantines
10 items at empirical FDR 0.0%; on the real two-run benchmark the rule is—as its own power
curve predicts—silent (K=2 cannot identify flaky items), and we report only that the descriptive
consensus-flaky items perturb the tightest model pair by 12.63X its gap. An honest negative at
K=2 and a controlled positive once the run budget is adequate: the contribution is the guarantee
and the measurement, not a claim that two runs suffice.

1 Introduction

A leaderboard is a measuring instrument, and like any instrument it has a noise floor. For language-
model and agent benchmarks that floor is unusually high and unusually structured. Bjarnason et al.
[2] collected sixty thousand agent trajectories on a popular coding benchmark and found that single-
run pass@1 estimates vary by 2.2 to 6.0 percentage points depending on which run one happens to
log, with standard deviations above 1.5 points even at temperature zero. The maintainers of widely
used benchmarks report the same: a non-trivial fraction of items return inconsistent verdicts on re-
execution [3], and the response so far has been engineering—rebuild the harness, hand-fix the worst
items [11]—or methodological advice: run more seeds, do a power analysis [1, 2, 4].

*Code, the constructed multi-run dataset, and end-to-end reproduction scripts are available from the author. All result
numbers in this paper are emitted by analysis scripts into LaTeX macros; no number is typed into the prose.



What is missing is a per-item decision with a guarantee. “Run more seeds” tells you the leader-
board is noisy; it does not tell you which items carry the noise, nor does it bound how often you will
wrongly accuse a well-behaved item. The software-engineering community has a mature instrument
for exactly this shape of problem—flaky-test quarantine: identify tests that pass and fail without a
code change, isolate them from the pass/fail signal, and budget reruns. But that machinery rests on
an assumption that does not hold in Al evaluation: a unit test should be deterministic, so any flip is a
bug and the null flip-rate is zero. An LLM benchmark item is legitimately stochastic. An item with
true pass probability a must flip between two independent runs with probability 2a(1 —a); punishing
it for that is a category error. The genuine question is not “does it flip?” but “does it flip more than
its difficulty can explain?” That is a different statistical problem—separating excess flakiness from
baseline stochasticity, not from bugs—and it has no off-the-shelf answer.

This paper. We import flaky-test quarantine into stochastic evaluation and supply the missing guar-
antee. Our contributions:

* A per-item excess-flakiness test (§3). We model each item’s between-run flip-rate against a
difficulty-conditioned, leave-one-out pooled baseline—the flip-rate of its same-difficulty peers,
floored at the 2a(1 — a) value implied by its accuracy. The alternative is excess flakiness above
that floor. The test statistic is a one-sided betting e-process [6, 10] that is a valid e-value at every
accumulating run.

* An anytime-valid, FDR-controlled quarantine rule, with an explicit scope (§3). Feeding the
per-item e-values to the stopped-e-BH procedure [8, 9] gives a quarantine set whose FDR is con-
trolled at g at any stopping time, including data-dependent stopping (“quarantine the moment
evidence is decisive”). The proven guarantee holds for a fixed/external per-item baseline p?: in-
dependent re-runs of a fixed item battery then satisfy the causal condition stopped-e-BH requires.
We are deliberately honest that the deployed pipeline estimates p? from the same flips, which
couples the streams and leaves the theorem; we treat that case as empirically checked, not proven.

Lie-detectors first, including an estimated-baseline null (§4). Executable tests written to fail—
planted recovery, a homogeneous-noise break-test, a near-boundary anytime-FDR test under op-
tional stopping (designed to actually reject under the null, not merely run to the horizon), a re-
duction test, an e-value-validity test, and—the key addition for this revision—a null simulation
that estimates the baseline exactly as deployed (leave-one-out pooled) and measures the realized
FDR against an oracle fixed baseline. All 16 checks pass after we fixed the three bugs the suite
caught.

A feasibility curve and a rank-impact measurement (§5). We quantify power as a function
of the run budget K and the realized excess (reporting power over physically-detectable planted
items, since near-saturated items cannot carry excess), and we measure how often quarantine
moves a leaderboard rank on simulated and semi-synthetic benchmarks. On the real two-run
benchmark the rule is correctly silent; the rank-impact there is a labeled descriptive proxy, not
the FDR rule.

What we do not claim. We do not claim flaky items are “wrong”; the action is flag for review, not
delete. We do not claim two runs suffice—our real-data rule is correctly silent at K=2, and we report
that rather than hide it. And we do not claim the statistical machinery is new: e-BH and stopped-e-
BH are due to Wang et al. [8], Wang and Ramdas [9]. The novelty is the eval-science instantiation—
the excess-flakiness null, the per-item e-process, and the empirical rank-impact result—which is
concurrent-scoop-tolerant: the measurement and the constructed resource survive even if the rule
is rederived elsewhere.

2 Related Work

Table 1 places the work. Two clusters are adjacent. The first diagnoses evaluation noise: Bjarnason
et al. [2] measure agent-eval variance and recommend multiple runs and power analysis; Miller [4]
add error bars to benchmark scores; Biderman et al. [1] catalogue reproducibility failures. None
isolates a per-item subset or controls a false-quarantine rate. The second supplies general sequential



Table 1: Where Flaky-Task Quarantine sits. No prior work isolates a per-item flaky subset of a stochastic
benchmark with an anytime FDR guarantee.

Work What it does What it does rot do

Randomness in agent evals [2] Measures pass@1 variance; advises No per-item test, no FDR, no
multi-run + power analysis isolation set, no rank-change

rule

Error bars / reproducible evals [1, Aggregate uncertainty, reproducibil- No per-item flaky isolation, no

4] ity hygiene false-quarantine control

SWE-bench / OSWorld curation Document & hand-fix flaky items; re- Manual, no statistical guaran-

[3, 11] build harness tee, null anchored at flip-rate 0

e-BH / stopped-e-BH [8, 9] General anytime-valid FDR control Domain-neutral; not applied to
for (sequential) e-values benchmark flakiness

This work (FTqQ) Per-item excess-flakiness e-process —

+ stopped-e-BH quarantine set;
rank-churn measurement

multiple-testing machinery: Wang and Ramdas [9] introduce e-BH (FDR control under arbitrary de-
pendence among e-values), Wang et al. [8] extend it to continuously-monitored e-processes (stopped-
e-BH), and Ramdas et al. [5], Shafer [6], Vovk and Wang [7] develop the e-value/betting foundations.
These are domain-neutral; none is applied to benchmark item flakiness. Our delta is the noun in
the third column: an excess-flakiness e-process and an anytime FDR-controlled quarantine set for
stochastic benchmarks, plus the rank-churn measurement. Software-engineering flaky-test quaran-
tine motivates the framing but anchors its null at flip-rate zero [3]; the legitimately-stochastic setting
is precisely what makes our identification problem different.

3 Method

Setup. A benchmark hasitemsi =1,...,nevaluated by models m = 1, ..., M over K independent
runs. Let X; .. € {0, 1} be the correctness of model m on item i in run . Between two consecutive
runs we observe aflip b; . r = H{Xim.r # Xi.m.r+1}. Pooling over models and consecutive run-pairs
gives item 7 a flip stream b; = (b; 1, ..., b; 1) of length T; = M (K — 1), each entry an indicator of a
run-to-run disagreement.

The difficulty-conditioned null. An item with marginal pass probability a; that is legitimately
stochastic disagrees between two independent runs with probability fy(a;) = 2a;(1 — a;). Items
of similar difficulty should share a baseline flip-rate. We bin items by their estimated accuracy and
set the per-item null flip probability p? to the pooled flip-rate of item i’s bin excluding item i itself
(leave-one-out), floored at fy(a;):

2jeB(i), j2i I )

p? = max(fo(a@n), (1)

2 jeBi). j#i N

where B(i) is i’s accuracy bin and (F;, N;) are item j’s pooled (flips, pairs). The leave-one-out
construction is not cosmetic: a strongly flaky item would otherwise inflate its own baseline and hide
its excess—a bug our power lie-detector caught (§4). The per-item hypotheses are

H? D pi < p? (legitimate) Vs H,-1 D pi > p? (excess-flaky). 2
The per-item flip e-process. For each item we test H? with a one-sided betting e-process. With a
predictable betting fraction A, € [0, ¢) (a function of b; j,...,b; ,—; only, ¢ < 1/ p? to keep terms
positive),
t
KD =TT+ (bis = pD). (3)

s=1



Proposition 1 (validity). Under any distribution with E[b; s | Fs-1] < p° for all 5, (K")i50
is a non-negative supermartingale with E[K,(’)] < 1, hence an e-process. By Ville’s inequality,
P(sup, Kt(l) > 1/a) < a, and K\ is an e-value for H? at any stopping time .

The proof is the standard betting/test-martingale argument [5, 6, 10]: each factor has conditional
mean 1+ A (E[b; 5 | Fs-1] — p?) < 1 because A; > 0 and the null bounds the conditional mean. We
choose A, by an aimed (approximate growth-rate-optimal) plug-in, 4, ~ (p;—1 — p?)+ /( p?(l - p?))
with p,_; a strictly-past flip estimate, capped for positivity. The choice of 1 does not affect validity
(Proposition 1 holds for any predictable A); it governs only power.

The quarantine rule. At run budget K (or any stopping time), collect the per-item e-values e; =
K;’) and apply e-BH at level g¢:

reject the k items with largest e;, & = max {k’ te) 2 qu} )

where e i) is the k’-th largest e-value. The rejected items are quarantined.

Proposition 2 (anytime FDR control under a fixed baseline). Fix the per-item null thresholds { p?}
in advance (external to the flip data: e.g. the iid floors 24;(1 — d;) estimated on a held-out battery, or
any pre-registered baseline). Applying (4) at every accumulating run is the stopped-e-BH procedure
[8]. With fixed p?, each item’s e-process (3) is a function of that item’s own flip stream alone, so for
every pairi # j the future flips of i are independent of the past of j given the items’ own histories—
which holds for independent re-runs of a fixed item battery. Each stopped e-process is then a global
e-value, and stopped-e-BH controls FDR < g at any (possibly data-dependent) stopping time.

The condition in Proposition 2 is the “no cross-stream information leakage from the past” con-
dition isolated by Wang et al. [8]. e-BH itself controls FDR under arbitrary dependence among the
e-values at a fixed time [9], so within-run correlation across items (e.g. a shared difficult topic) is
already permitted.

The estimated baseline (what the pipeline actually does) and its filtration. Proposition 2 re-
quires a fixed p?. The deployed null (1), however, estimates p? from the same flips: it is the leave-
one-out pooled flip rate of item i’s difficulty-bin peers. This is an honest departure from the theorem,
and we state it plainly. The estimated p? is a function of the cross-item flip table {F;, N;} jep(i), SO
the item i e-process is no longer measurable in item i’s own filtration alone: the streams are coupled
through the shared baseline, and the “no cross-stream leakage” condition does not hold exactly. We
therefore make two assumptions explicit and verify the consequence empirically rather than claim
the theorem:

(A1) Enough uncontaminated null peers per bin. Each difficulty bin contains enough genuinely
legitimate (non-flaky) items that the leave-one-out pooled rate estimates the legitimate baseline
well. Crucially, the bias is in the conservative direction: if a bin is contaminated by flaky peers
the pooled rate is biased upward, which raises p?, makes H? harder to reject, and costs power—it
does not manufacture false discoveries. (A bin that is entirely flaky would mask its members; we
assume bins are majority-legitimate.)

observation s of item i. Pooling models and run-pairs into one p? assumes the per-item condi-
tional flip mean does not exceed p?; heterogeneous per-model means within an item are allowed
provided their pooled conditional mean stays at or below p?.

(A2) Per-entry conditional null. The e-process null is E[b; s | F5-1] < p? for every pooled flip

Under (A1)—(A2) the estimated-baseline rule is empirically FDR-controlled—we simulate the global
null estimating p? exactly as deployed and measure a realized FDR of 0.1% at g=0.2 (§4, T6), in fact
more conservative than the oracle fixed baseline. We label this an empirical finding, not a theorem.
Algorithm 1 summarizes Frq; the FDR claim in its return line is “proven for fixed p?, empirically
< g for the deployed estimated p;.”

Degenerate reduction. With a single run-pair per item and a known null, FrqQ reduces exactly to
e-BH on the corresponding one-shot e-values—a property we test directly (§4, T4).



Algorithm 1 Flaky-Task Quarantine (FrQ) at run budget K

input: correctness X; ;. »; FDR level g; accuracy bins.

for each item i: form pooled flip stream b; over models and run-pairs.

estimate d;; compute leave-one-out difficulty-conditioned null p? by (1).

for each item i: compute e-value e¢; = Kg ) by (3) with predictable aimed 4,.

quarantine the items selected by e-BH (4) at level q.

return quarantine set Q. FDR < g anytime is proven for a fixed p? (Prop. 2); for the estimated
pY of line 3 it is empirically < g (§4, T6).

EANEAE R

Table 2: Lie-detector suite. Every check is an inequality the method must satisfy up to Monte-Carlo error;
all pass after the fixes below. Rates are realized; bounds are nominal plus a 3cc Monte-Carlo slack. T6 is
the revision’s key addition: it estimates the per-item baseline exactly as the pipeline deploys it (leave-one-out
pooled), so it probes the FDR claim outside the fixed-baseline theorem.

Test (guarantee checked) realized bound

TS5 e-value validity: P(sup; K; > 1/a) at null 0.07% <5.4% pass
T4 reduction: quarantine = e-BH on same e-values identical exact pass
T2 break-test: quarantine frac under homogeneous noise 0.0% <q pass
T3 anytime FDR, near-boundary global null, optional stop 1.1% <gq pass
(g=0.2)

T3b anytime FDR, mixed near-boundary stress (g=0.2) 0.0% <gq pass
T6a FDR, global null, estimated baseline (¢=0.2) 0.1% <q pass
To6b FDR, mixed, estimated baseline (¢=0.2) 0.1% <gq pass
Tob FDR, mixed, oracle fixed baseline (same draws) 0.2% <gq pass
T1 recovery: empirical FDR on planted flakies (¢=0.1) 0.0% <q Dpass
T1 recovery: detection power on planted flakies 532%  >30% pass

4 Validity: lie-detectors written first

Anytime FDR control under optional stopping is easy to assert and easy to get subtly wrong—and
the seam between the fixed-baseline theorem and the estimated-baseline pipeline (§3) is precisely the
kind of place a guarantee can quietly fail. We therefore wrote the executable tests before trusting the
core, each able to fail, and fixed the method until all passed. Table 2 reports the suite (16 checks, all
seeds printed; numbers from validity_results. json).

The estimated-baseline null (T6): does estimating p? break FDR? This is the central question
the fixed-baseline theorem cannot answer, so we answer it empirically. Téa simulates the global
null (every item legitimately stochastic, no planted excess) over a small battery (n=40, so the e-BH
threshold is low enough that the rule can fire by chance) and estimates p? exactly as deployed—the
leave-one-out pooled bin rate from the same flips. Every rejection is then a false discovery, so the
realized FDR equals the any-rejection rate; it is 0.1% at g=0.2, with a strictly positive rejection rate
(0.1%) confirming the test is not vacuous. T6b runs a mixed near-boundary benchmark twice on the
same draws (3000 trials, n=30, excess 0.2): once with the deployed estimated baseline, once with an
oracle fixed baseline 2d; (1 — d;). The estimated baseline yields FDR 0.1% (vs. 0.2% oracle; 6 vs. 13
false positives over all trials) and power 34.2% (vs. 47.9% oracle). The verdict is unambiguous and
honest: estimating the baseline does not inflate FDR—if anything it is more conservative, because
leave-one-out contamination by flaky peers biases p? upward, paying for safety in lost power. We thus
claim “FDR proven under a fixed baseline; empirically < ¢ (and conservative) under the deployed
estimated baseline,” and not a theorem we did not prove.

Three bugs the suite caught. (i) Zero-power planting. Our first “excess-flaky” simulation resam-
pled a latent good/bad state each run; the power test returned exactly 0. Two independent latent draws
wash out to the marginal, producing zero excess flip-rate regardless of the perturbation. We replaced
it with the exact 2 X 2 joint of a run-pair (marginals a, disagreement f; + excess), which decouples
flip-rate from accuracy. (ii) Self-masking baseline. A strongly flaky item inflated its own difficulty-



Table 3: FDR calibration on planted data (K=21, 15.0% flaky, excess 0.3). Empirical FDR tracks < g; power
increases as g relaxes.

nominal ¢ empirical FDR  power items quarantined

5% 0.0%  50.4% 15.12
10% 0.0%  54.6% 16.38
20% 0.0%  58.9% 17.66

bin baseline, hiding its excess; the power test stayed at 0. The leave-one-out null in (1) fixed it—and,
as T6 now shows, the same leave-one-out construction is what keeps the estimated-baseline FDR
conservative rather than inflated. (iii) Betting inefficiency. The initial plug-in A stayed too small for
e-values to clear the e-BH threshold; the aimed plug-in with a higher cap raised power from 0 to
53.2% at K=21. We log these because a test that never bites is no test; ours bit three times.

On near-boundary design and conservatism. The original anytime-FDR test ran a large, homo-
geneous battery whose stop time was always the horizon and whose realized FDR was a vacuous zero
(the rule never rejected, so nothing could be a false discovery). We redesigned T3 and built T6 around
small near-boundary batteries where the rule does reject under the null (rejection rates 1.1% and 0.1%
respectively), so a measured FDR of nearly zero reflects genuine—if conservative—control, not the
absence of any decision. The residual conservatism is e-BH’s known behaviour when true-discovery
e-values dwarf the threshold n/(gk); we report it as conservatism, not as a tight guarantee.

S Experiments
5.1 Simulation guarantee suite (primary)

We simulate benchmarks of 200 items and 5 models, plant a known excess-flaky subset via the exact
2 x 2 joint, and measure FDR and power (numbers from sim_results. json; master seed printed
by the script).

FDR is controlled; power grows with the run budget. Table 3 shows empirical FDR pinned at
0.0% across nominal levels g € {5, 10,20}% (at K=21, 15.0% flaky, excess 0.3, fixed baseline), with
power rising as g relaxes. Figure 1 traces the central feasibility curve: power is 0.0% at K=2 (two runs
cannot identify flaky items—an honest floor), 25.5% at K=11, 53.1% at K=21, and 66.8% at K=31,
while FDR never exceeds 0.0%. Figure 2 shows the detection threshold in the excess dimension.
Here we report power honestly against the realized excess, because the planting is feasibility-clipped:
a requested excess of 0.30 injects a mean realized excess of only 0.1872 once near-saturated items
(whose flip-rate is capped at 2 min(a, 1 — a)) are accounted for (§3). Power over all planted items is
54.5% at a requested excess of 0.30, but power over the physically detectable planted items—those
that actually received at least half the requested excess—is 84.4%. A maintainer reads these curves as
a budget table: to find items whose realized excess flip-rate is non-trivial, run on the order of twenty
repeats; items that cannot carry excess (near-deterministic ones) are correctly left alone rather than
counted as misses.

Quarantine moves leaderboard ranks. The point of isolating flaky items is that they can decide
close races. On simulated leaderboards (6 models, single-run scores—the realistic “one run per
task” report), removing the quarantined set changes at least one rank on 57.8%, 72.8%, and 87.8%
of benchmarks at flaky fractions of 5, 10, and 20%, and changes the top-ranked model on up to 28.2%
(Figure 3). Even at a realistic 5% flaky fraction, more than half of benchmarks see a rank move.

5.2 Real and semi-synthetic multi-run data (secondary)

Data. We reconstruct a real multi-run benchmark from public per-item logs: 5 models each eval-
uated twice (K=2) on the same 1000 multiple-choice items, using only the recorded correctness bit.
This is genuine model output reused with no new inference. Per-model run-to-run flip rates span
0% to 24.3% (Figure 4)—real heterogeneity, from effectively deterministic models to one flipping
nearly a quarter of items; 79 items flip for at least two of the five models, concentrated in mathematics
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Figure 2: Detection threshold at fixed K=21. Power
Figure 1: Detection power rises with the run budget K; over physically detectable planted items (solid) is much
empirical FDR stays < ¢ throughout. Two runs (K=2) higher than power over all planted items (dashed), be-
cannot identify flaky items. cause the requested excess is feasibility-clipped on
near-saturated items (§3); FDR stays < q.

Quarantine moves leaderboard ranks
1.0 q
mmm =1 rank changed

top-1 changed
0.8 A

0.6 A

0.4 A
0.2 A1
0.0 - T T T

0.050 0.075 0.100 0.125 0.150 0.175 0.200
flaky fraction of benchmark

fraction of benchmarks

Figure 3: Removing the FrQ quarantine set changes leaderboard ranks on a large fraction of simulated bench-
marks; the effect grows with the flaky fraction. Single-run scores.

and logic subjects. We attempted to fetch a larger public multi-run agent-eval log set within a time
budget; the attempt is logged, and we fell back to these local logs (details in the data appendix of the
released code).

An honest negative at K=2. At two runs the Frq rule quarantines 0 items—exactly what its own
power curve predicts (power 0.0% at K=2). One run-pair per model gives at most five flip observa-
tions per item, far too few for the per-item e-value to clear the e-BH threshold over 1000 items. We
report this rather than tune the rule into a false positive: two runs are not enough, and the feasibility
curve says how many are.

Descriptive fragility on real data—not the FDR rule. At K=2 the FDR rule quarantines nothing,
so it produces no rank change on the real data, and we do nor claim one. To still show that the kind
of items the rule targets can matter, we run a deliberately separate descriptive measurement: take the
model-agnostic consensus-flaky set (items flipping for > 2 models) and ask how fragile the single-
run leaderboard is to it. The tightest pair of models is separated by only 0.3% (a handful of items out
of 1000); removing the consensus-flaky items perturbs single-run accuracies by up to 3.8%, which is
12.63x that smallest gap. This says close races are fragile to flaky items in principle; it is a descriptive
proxy, explicitly not an output of the FDR-controlled rule, and it does not by itself flip a rank on this
data.



Real MMLU: flip-rate heterogeneity across models
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Figure 4: Real two-run benchmark: run-to-run flip rates vary from 0% to 24.3% across models, the heterogene-
ity Frq is designed to triage.

Semi-synthetic: the experiment that carries the FDR-rule rank result. The rank-relevant claim
for the rule—it quarantines a controlled set once the run budget is adequate—tests on this clearly-
labeled semi-synthetic experiment, not on the real K=2 leg. We take the real per-item difficulty
profile of the 1000-item set, simulate 21 runs from it, and plant a known excess-flaky subset. Here
FrqQ does fire: it quarantines 10 items at empirical FDR 0.0%. The power figure must be read with the
feasibility clip in mind (§3): the requested excess of 0.3 injects a mean realized excess of only 0.0771
because 46.9% of the real items are near-saturated (accuracy > 0.85) and structurally un-flakeable.
Power is therefore 10.0% over all 100 planted items but 90.0% over the 10 that actually received the
excess. An item that is almost always right or almost always wrong simply cannot be made flaky, and
the rule correctly leaves it alone. This is where the rule demonstrably acts on a realistic difficulty
distribution; the real K=2 data, by contrast, only demonstrates underpower and descriptive fragility.

6 Limitations

Estimated vs. proven baseline (the central caveat). The anytime-FDR theorem (Prop. 2) holds
only for a fixed/external per-item baseline p?. The deployed pipeline estimates p? from the same
flips (leave-one-out pooled), which couples the item streams and steps outside the theorem; for that
case FDR control is empirically checked, not proven. T6 measures a global-null FDR of 0.1% under
the deployed estimation, and shows it is conservative relative to the oracle fixed baseline—because
bin contamination biases p? upward—so the gap costs power, not control. This holds under our
assumptions (A1) each difficulty bin is majority-legitimate and (A2) the pooled per-item conditional
flip mean does not exceed p?; a strongly misspecified difficulty model (e.g. a bin dominated by flaky
items, or mixing genuinely different item populations into one bin) could in principle break either,
and a held-out baseline that restores the fixed- p? theorem is the natural fix when run budget allows.
Run budget. The guarantee is anytime, but power is not free: identifying flaky items needs on the
order of ten or more runs (Figure 1). Two runs suffice only to estimate, not to isolate. Our real-data
leg is therefore a demonstration of the mechanism and an honest null, not a large-K production study;
the constructed dataset and curves let a maintainer size K before deploying. Conservatism. e-BH
controls FDR under arbitrary dependence at the price of conservatism (realized FDR =~ 0 even at
near-boundary stress); a less conservative but dependence-restricted procedure could lift power if
within-run cross-item dependence is mild. Saturated items and clipped excess. Near-deterministic
items cannot carry excess flakiness (flip-rate capped at 2 min(a, 1 — a)); the method is uninformative
there by construction, and any planted “excess” on such items is silently clipped, so power must be
read against the realized excess over detectable items (which we report) rather than the requested one.
Cause-agnostic. We detect excess run-to-run variance, not its cause; a degraded re-run and intrinsic
stochasticity look the same to the test, which is why the action is flag, not delete.



7 Conclusion

Benchmarks are instruments with a noisy, structured floor, and the field has been told to average
over that floor without being told which items create it. Flaky-Task Quarantine imports a software-
engineering instrument—flaky-test quarantine—into stochastic evaluation and gives it the guarantee
that setting needs: a per-item excess-flakiness e-process and a stopped-e-BH rule whose quarantine
set controls the false-discovery rate at any stopping time for a fixed baseline, and which we show
empirically remains controlled—and conservative—when the baseline is estimated from the data
exactly as one would deploy it. The simulation suite shows the guarantee holds and quantifies the run-
budget power demands; the semi-synthetic experiment shows the rule firing on a realistic difficulty
profile, while the real two-run leg is an honest null—underpowered by design at K=2—accompanied
by a clearly-labeled descriptive measurement that close leaderboard races are fragile to flaky items
in principle. We are careful not to claim the FDR rule moved a rank on the real data, because at two
runs it quarantines nothing. The deliverable is a guarantee with an honestly-drawn boundary and a
measurement, not a promise that two runs are enough—and that distinction is the point.
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