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Abstract

Retaining ten rather than two run records per condition increased average agreement with the full-record
ranking from 86.73 to 96.33 percent across fifty-four games. The gain was 9.60 percentage points, with a
game-level interval of 6.53 to 12.67 points. We independently subsampled released BBF and no-reset
records, preserving nested two-, five-, and ten-run budgets in each of 4,000 repetitions. Expected
squared error relative to the captured full-record mean gap was calculated exactly. The reference is the
available record collection, not true population superiority. This experiment estimates sensitivity to
retaining fewer published observations, without conducting new training or establishing a generally
sufficient run count.

Finite-record retention experiments on BBF and its no-reset variant, with game-specific references held fixed.
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How Many Released Runs Preserve a Game-Benchmark
Ranking?

Finite-record retention experiments on BBF and its no-reset variant, with game-specific references held
fixed.

Abstract
Retaining ten rather than two run records per condition increased average agreement with the full-record
ranking from 86.73 to 96.33 percent across fifty-four games. The gain was 9.60 percentage points, with a
game-level interval of 6.53 to 12.67 points. We independently subsampled released BBF and no-reset
records, preserving nested two-, five-, and ten-run budgets in each of 4,000 repetitions. Expected squared
error relative to the captured full-record mean gap was calculated exactly. The reference is the available
record collection, not true population superiority. This experiment estimates sensitivity to retaining fewer
published observations, without conducting new training or establishing a generally sufficient run count.

1. A run budget changes the evidence behind a comparison
A game-benchmark difference can be reported from a small number of runs even when a larger released
record collection is available. Reducing the retained count makes the estimate more variable, but the
practical consequence depends on the score distribution and how close the compared conditions are. A
benchmark designer may care whether a retained sample preserves the direction of the larger-record
comparison, not only whether its numerical estimate has a smaller mean squared error.

We ask how often two, five, or ten retained records per condition preserve the sign of the captured
full-record mean difference. A second endpoint is expected squared estimation error relative to that finite
reference. The first question requires a distributional calculation, estimated here through seeded retention
draws. The second has an exact finite-population expression. Their relationship should not be confused
with a learning curve in training interaction count: neither endpoint changes an agent's training data.

Interactive-game research such as Meng et al., 2026 motivates specifying how performance comparisons
in a game setting obtain their evidence. Our observations are released agent scores on an existing
benchmark. We generate no playable environment, rendering sequence, or visual output, and do not test
that work's interactive-rendering method. The result is a measurement study relevant to planning an
evaluation, with no claim about the quality of newly rendered games.

2. Released conditions and a finite ranking reference
The records come from the public material associated with Schwarzer et al., 2023, including a BBF
condition and a no-reset variant. The captured files contain 2,082 and 830 run rows respectively, spanning
fifty-five common games. We use the supplied normalized-score field and preserve its numeric units. No
human or random-play normalization constant is estimated anew, and the CSVs do not independently
establish every original training-budget or hardware detail for every row.

Each game has at least ten records in both conditions. Source counts range from sixteen to sixty for BBF
and fifteen to twenty for the variant. A budget of ten therefore retains a substantial fraction of some source
pools. This is important for the finite-population correction: estimating a mean from ten of fifteen existing
records is different from drawing ten new runs from an effectively unlimited stochastic training
population.
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The complete captured condition means define each game's reference gap. One game,
`montezumarevenge`, has an exact full-record tie and is excluded from the directional-ranking cohort
because its reference has no winning sign. Fifty-four games remain, with a positive BBF gap in forty-nine
and a negative gap in five. The tie is recorded explicitly rather than counted as a clear condition
preference or assigned an arbitrary direction.

The benchmark context in Bellemare et al., 2012 and reproducibility considerations in Henderson et al.,
2017 and Agarwal et al., 2021 motivate reporting this evidence boundary. A finite released collection can
serve as a transparent reference without becoming the true expected performance of an algorithm. The
present study asks how reduced retention reproduces that collection. It does not validate the full
collection's ranking against an independent population of future training runs.

3. Nested retention with independent condition samples
Using seed 20261107, we generate 4,000 repetitions for each eligible game. Each repetition independently
permutes the BBF and variant source rows. The first ten entries of each permutation define the largest
retained sample; the first five and first two supply the smaller budgets. Samples are without replacement
within a condition. Nesting makes budget contrasts use related retained observations, without equating a
seed label across the two conditions.

The source seed identifiers are not paired across conditions. We therefore do not subtract outcomes with
the same apparent position or numeric seed and describe that as a controlled paired training run. Pairing
occurs at the game level and through the declared nested retention draws, while the two source-condition
samples remain independent. The selected run-record indices are data-retention decisions, not newly
executed episodes or new neural-network initializations.

At each budget we subtract the retained variant mean from the retained BBF mean and compare its sign
with the full-record gap. Agreement means the signs match. Estimated exact ties do not count as
agreement with a nonzero reference direction. Averaging the 4,000 indicators gives a finite-pool
sign-agreement estimate for that game and budget. We then average across games equally, so games with
more published runs do not automatically dominate the headline result.

Implementation and environment concerns represented by Huang et al., 2021 and Towers et al., 2024
explain why these retained records cannot stand in for a new controlled evaluation. We do not rerun either
implementation. Systems concerns in Sculley et al., 2015 likewise motivate preserving missing
operational details rather than filling them with a plausible configuration. The actual intervention is
removal of observed records from a retained-score calculation, with all source outcomes fixed.

4. Exact expected squared error and simulated sign agreement
For sampling without replacement, the variance of a retained condition mean equals its sample variance
multiplied by one over the retained count minus one over the full pool count. Independence between the
two condition draws makes their variances add for the mean-gap estimate. That sum is the exact expected
squared error relative to the full-record mean gap. The expectation is over the declared retention
mechanism, not an unknown population of newly trained agents.

Increasing the retained count lowers this expected error whenever the source pool has positive variance.
That direction follows from the formula; it is not an empirical law discovered by the experiment. The
observed source distributions determine the magnitude and its variation across games. A lower mean
squared error also does not mathematically require every game's sign-agreement probability to increase
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monotonically at every budget. Sign is a thresholded property of a distribution, not the same endpoint as
squared error.

Error-measure distinctions in Hyndman and Koehler, 2006 and predictive-scoring principles in Gneiting
and Raftery, 2007 support treating these outcomes separately. Agreement concepts in Bland and Altman,
1986 and Lin, 1989 do not establish interchangeability between a numerical gap estimate and a binary
ranking decision. We calculate no additional agreement coefficient from those methods. The directly
defined sign agreement and finite squared-error expectation are the executed endpoints.

Figure 1. Independent condition samples at nested run counts estimate a fixed game-specific reference gap; sign
agreement is simulated and squared-error expectation calculated exactly.

5. Game-level summary models
Each eligible game contributes a ten-minus-two sign-agreement difference and a ten-minus-two expected
squared-error difference. Intercept-only ordinary least-squares models estimate the equal-game averages.
There are fifty-four regression rows, not thousands of independent games created by resampling. The
Monte Carlo repetitions improve estimation of a finite game's sign probability but do not increase the
number of distinct benchmark tasks.

We use HC3 covariance and normal-reference intervals under a hypothetical game-draw interpretation,
following the heteroskedasticity-consistent approach in White, 1980. Dependence considerations in
Cameron and Miller, 2015 remain a limit because benchmark games can share design and score
characteristics. There is no claim that HC3 establishes a random sample of all interactive games or
incorporates uncertainty in the original training process. The fits summarize variation across the selected
released game collection.
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Table 1. Ten-minus-two retained-record contrasts, with one observation per game.

Model Term Estimate (SE) 95% CI N

M1 Mean outcome/contrast 0.0960 (0.0157) [0.0653, 0.1267] 54

M1: fit R-squared = 0.0000 - - 54

M2 Mean outcome/contrast -0.3130 (0.0940) [-0.4974, -0.1287] 54

M2: fit R-squared = 0.0000 - - 54

Model labels: M1 = Ten-minus-two retained-run sign agreement; M2 = Ten-minus-two exact finite-record
expected squared error.

The mean-only regressions have zero R-squared. Their intervals are different from simulation error in a
per-game sign-agreement estimate. For 4,000 independent retention repetitions, the largest Bernoulli
standard-error bound for one estimated agreement fraction is about 0.007906. We preserve that numerical
approximation separately. It is not a certification of the original ranking or a substitute for uncertainty
across training seeds not represented in the captured pools.

6. The observed budget curve
Equal-game sign agreement is 0.867291667 at two retained runs per condition, 0.925175926 at five, and
0.963310185 at ten. The ten-minus-two gain is 0.096018519, with HC3 standard error 0.015668926 and
interval 0.065307987 to 0.126729050. In percentage-point terms, the average gain is approximately 9.60,
with interval 6.53 to 12.67. These are agreements with the finite reference, not probabilities that BBF is
truly superior.

The remaining disagreement at ten records is informative. A larger retained count does not reproduce
every finite reference comparison in every draw. Close gaps and variable outcomes can still change the
estimated direction. We do not remove such games from the result or present ten as a guaranteed
sufficient count. The tied reference game was excluded for a distinct definitional reason, before asking
whether a sampled sign reproduces a nonzero direction.

Exact expected squared gap error averages 0.363503125, 0.128726168, and 0.050467182 in squared
released-normalized-score units at the three budgets. The ten-minus-two change is -0.313035944, with
standard error 0.094042090 and interval -0.497355054 to -0.128716834. The magnitude is
source-scale-dependent. It cannot be read as a reward improvement, a change in rendering quality, or a
direct percentage of game performance explained by the larger budget.

Expected squared error is calculated, not estimated from 4,000 draws. The simulated squared errors are
retained as a diagnostic alongside the exact quantities, without replacing the latter in the primary endpoint.
This separation avoids describing Monte Carlo noise as a scientific discrepancy in a known
finite-population identity. It also makes the role of resampling clear: approximation is required for the
chosen sign probability here, while the squared-error expectation has a direct calculation.

7. Score variation and alternative evaluation targets
Influence reasoning in Cook, 1977 motivates looking at games whose large score variation contributes
heavily to squared-error averages. We retain every eligible non-tied game. Robust-estimation traditions in
Huber, 1964, Hampel, 1974, and Rousseeuw, 1984 would support a different summary of across-game
extremes, but no robust fit is substituted for the declared mean. A trimmed or rank-based endpoint could
answer another question and would need its own explicit definition.
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The return-estimation context in Chen et al., 2021 and the offline-benchmark perspective represented by
Fu et al., 2020 further illustrate that evidence requirements depend on the target. Neither contributes
additional observations. Agent-learning approaches such as Schrittwieser et al., 2019 and Ye et al., 2021
also operate at a different stage from retaining published outcomes. The current record budget cannot be
converted into their training sample efficiency or used to compare their algorithms without actually
collecting compatible results.

Decision-cost reasoning in Elkan, 2001 is relevant if a researcher wants to trade evaluation stability
against expense. We measure record count, not wall time, GPU cost, environmental interaction, or
personnel effort. Actual costs can differ between conditions or games, and the source table does not
provide them. A favorable retention curve alone therefore cannot identify the most economical new
experiment or justify a fixed run budget for a different benchmark.

8. Validation and interpretation limits
The source collection defines both the reference and the samples retained from it. This is intentional
finite-record estimation, not independent held-out validation of a winner. Model-selection concerns in
Varma and Simon, 2006 would arise if the same record collection were used to select an algorithm and to
certify its final advantage. Validation principles in Roberts et al., 2017 also caution against assuming that
the same run budget performs similarly across unseen games, training regimes, or observation conditions.

Interpretation following Wasserstein and Lazar, 2016 emphasizes the effect sizes and their target rather
than turning an interval into a general recommendation. Multiplicity considerations in Benjamini and
Hochberg, 1995 and Benjamini and Yekutieli, 2001 would become important in a broad search over many
ranking criteria, game subsets, and budget grids. We report the three declared retained counts and the
equal-game contrast. We do not search for a budget or subset that makes the source condition appear more
consistently favorable.

The full-record reference itself remains uncertain as an estimate of expected algorithm performance. Its
available run counts differ across conditions and games, and the CSVs do not resolve every provenance
question about training. Preserving this limitation is preferable to inventing missing experimental detail.
The completed result describes how a known record-retention process behaves on the released scores,
with a distinct question about future newly generated runs left open.

9. Attach the record budget to the reported comparison
The experiment finds that retaining more released observations improves average agreement with a fixed
finite ranking, while leaving some disagreements at the largest tested count. The exact squared-error
calculation explains one direction of that change, and the sign experiment quantifies a separate
consequence relevant to comparative claims. These observations support reporting run counts and
retained-record sensitivity with a benchmark difference, without establishing a universal minimum for
interactive-game research.

Documentation under Gebru et al., 2021 records the source-condition pools, exact tied-game exclusion,
seed ordering, independent condition draws, nested budgets, and finite-reference definition. Preservation
following Wilkinson et al., 2016 retains game-level probabilities, exact expectations, and reproducible
resampling code. These materials allow the stated sensitivity curve to be recomputed. Determining a
generally sufficient training-run budget or evaluating an interactive rendering system requires additional
independent evidence beyond this released-record experiment.
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