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Abstract

The public BBF comparison includes 186 negative normalized scores and 63 exact zeros. A
transformation used for aggregation must retain those observations honestly. An equally game-weighted
model gives a raw-score contrast of 1.030 and an inverse-hyperbolic-sine contrast of 0.466, both positive
but expressed in different units. Their intervals are 0.480 to 1.581 and 0.300 to 0.633 respectively. This
secondary analysis explains why a change of scale can be a declared sensitivity analysis while deletion or
arbitrary shifting can silently change the represented outcomes.

1. A scale choice can remove the most relevant cases

Performance distributions can contain values for which a convenient mathematical transformation is not
defined. An ordinary logarithm cannot be applied directly to zero or negative scores. Adding a constant
changes its interpretation and can make the result depend on a convention selected for convenience.
Deleting the incompatible values changes the observation population. Either decision may be defensible
in a specific analysis, but it should not occur unnoticed inside preprocessing.

The issue matters to Make a game's interactive evaluation problem (Meng et al., 2026a) because adverse
outcomes can be the very observations an interface needs to retain. A rendering study may measure a
difference from a baseline or a signed error rather than a strictly positive quantity. Its scoring pipeline
should preserve what those values mean. This paper does not analyze output from that renderer. It uses
released BBF scores to examine two transparent scales while keeping every finite observation in the
comparison.

A benchmark interface supplies a common language for launching tasks, but it does not eliminate
differences among the tasks. The Arcade Learning Environment was designed to evaluate general agents
across games (Bellemare et al., 2012). Gym offers a common interaction interface (Brockman et al.,
2016), while Procgen makes procedural variation an explicit part of the assessment population (Cobbe et
al., 2019). These contributions help distinguish software compatibility from evidence of transfer. The
BBF release supplies actual repeated-run scores that can be reanalyzed (Schwarzer et al., 2023), whereas
the statistical-precipice analysis explains why uncertainty and aggregation choices deserve attention
(Agarwal et al., 2021). Together, these sources motivate preserving task-level results. They do not imply
that an Atari return is a visual-quality score or that a renderer supports the mechanics of every game
available through the same interface. A proposed evaluation should identify its games, initial conditions,
and action histories, then state which population the aggregate represents. Additional runs can improve
knowledge of a task's outcome distribution without increasing the number of different tasks observed.

Representation choices can change what an interactive system remembers and what it discards. The
compressed environment representations in World Models (Ha and Schmidhuber, 2018),
latent-imagination approach in Dreamer (Hafner et al., 2019), transformer world model in IRIS (Micheli
et al.,, 2022), and diffusion formulation studied by DIAMOND (Alonso et al., 2024) offer different
examples. Their differences matter because an apparently small visual feature can determine a later action
or reward. A proposed rendering mechanism should be assessed through controlled observations of that
consequence, rather than justified solely through the family of architecture it resembles. It should also
distinguish short-horizon reconstruction from the persistence of behaviorally relevant information. No
comparison among those architectures is performed by describing their designs. Their role here is to



identify alternative explanations and appropriate baseline questions for a subsequent study. An
informative experiment would match available history, training access, action information, and evaluation

duration before attributing a difference to one representation.

2. The observations preserved by both specifications

The combined public files contain 2,912 unique configuration-game-seed records over 55 common
games. The minimum supplied normalized score is -1.500 and the maximum is 16.706. Among all
records, 186 are strictly negative and 63 are exactly zero. These counts make it clear that applying an
ordinary logarithm without another decision would not preserve the full dataset. The analysis performs no
clipping, zero replacement, or deletion based on score magnitude.

Two weighted regressions use the same records, configuration indicator, game fixed effects, and
reciprocal configuration-by-game count weights. The first outcome is the released normalized score. The
second is its inverse hyperbolic sine, which is defined over the full real line and compresses large
magnitudes. Each configuration has equal total weight within each game. Both covariance estimates
cluster by the 55 game labels. The specifications differ in the outcome scale rather than in their sample,
group weighting, or available covariates.

Precision and identification are separate properties of a result. A narrow interval can surround an
association whose scientific target is unclear. Robust covariance calculations allow particular departures
from simple error assumptions, including unequal variance (White, 1980) and dependence within declared
clusters (Cameron and Miller, 2015). Their role is to improve uncertainty calculations under those
assumptions. They do not establish a causal assignment, guarantee a correct measurement, or expand
coverage to conditions missing from the data. The analyst should therefore explain both the averaging
population and the source of replication. An evaluation repeated many times on one history may provide
information about stochastic variability while supplying little evidence about transfer to another history.
Those two sources of uncertainty should remain distinguishable in the final interpretation.

Describing a contrast accurately can be more valuable than giving it an unjustified mechanistic name. A
causal interpretation needs assumptions about how exposure and outcome arose, including selection into
the analyzed sample. Causal diagrams provide a language for those assumptions (Greenland et al., 1999).
If several alternative metrics or partitions are examined, the investigator should also account for the
freedom to select whichever result appears strongest. False-discovery control is relevant to explicit
collections of statistical tests (Benjamini and Hochberg, 1995), while a descriptive sensitivity analysis
should be presented as such. A model can fit the observed rows well and still leave the principal
explanation unresolved. Reporting that boundary preserves the value of the observation without
overstating what adjustment or a significance threshold has established.

Control and fidelity should be assessed as related but distinct properties. Neural game generation in
GameNGen (Valevski et al., 2024) and action-controlled environment generation in Genie (Bruce et al.,
2024) bring both into view. Structural similarity (Wang et al., 2004) or a learned image distance (Zhang et
al., 2018) may help quantify a reference comparison; a video-distribution metric (Unterthiner et al., 2018)
can summarize another aspect of temporal appearance. These measurements do not identify whether the
interface interpreted a command correctly. The evaluation record should link an output to the exact
control history and to any available state observation. It should also distinguish permitted variation from a
broken requirement. A stochastic rendering system need not reproduce every pixel to be useful, but it does
need to preserve the aspects of interaction that its claim depends on. Measuring those requirements
explicitly makes the relationship between visual quality and behavior open to examination.



3. Same direction, different quantities

The raw-score configuration coefficient is 1.0305, with a standard error of 0.2744 and a 95 percent
interval from 0.4804 to 1.5806. The transformed coefficient is 0.4662, with a standard error of 0.0830 and
an interval from 0.2998 to 0.6327. The common positive direction is useful as a sensitivity finding. The
smaller numeric transformed coefficient is not evidence that an advantage has been reduced by a
corresponding percentage. The two coefficients have different units, and the transformation changes how
outcome magnitudes contribute to the average.

The fitted R-squared values likewise answer scale-specific questions. Their comparison cannot establish
that one outcome representation is scientifically superior. A transformation can make an additive model
describe a distribution differently without changing the underlying task outcomes. The scientific reason
for using it should therefore be stated: here it supplies an alternative that compresses extremes while
retaining signs and zeros. It is not chosen to imitate a percentage effect or to make the numerical result
resemble a desired magnitude.

For a rendering benchmark, the same discipline applies when combining errors, preferences, or task
scores. A signed metric might encode whether an intervention helped or harmed an outcome. A bounded
failure rate might have a meaningful probability scale. A visual distance might not. A transformation
should preserve the interpretation required by the study rather than make incompatible endpoints appear
comparable. If a proposed total score combines several transformed quantities, its weighting and practical
meaning require a separate argument.

An especially important distinction concerns missing values. A failed generation is not necessarily
equivalent to a zero score, and a score that cannot be computed is not necessarily evidence of average
performance. The evaluation should retain the reason that a measurement is absent and specify the
primary treatment before comparing systems. The present archive has no nonfinite values in its
normalized-score field, so it does not require such imputation. That favorable property should not be
generalized to generation pipelines whose failures occur before scoring.

An evaluation protocol should state what remains unfamiliar at assessment time. Leaving out an
observation while retaining its close relatives can test interpolation rather than the broader transfer
suggested by the study's wording. Validation methods for structured data emphasize matching the split to
temporal, spatial, or hierarchical dependence (Roberts et al., 2017). Separately, parameter selection can
bias an evaluation if the same observations guide both choices and reporting (Varma and Simon, 2006).
These issues are not solved by calling a split a test set. The record should identify shared sources, the
information accessible during development, and the stage at which each design choice was fixed. A result
can be informative within a narrow boundary while providing no direct evidence about a more distant
deployment population.

A substitute measurement needs evidence about its relationship to the intended judgment. Two scores may
correlate strongly while differing systematically in particular conditions. Method-comparison analysis
distinguishes association from agreement (Bland and Altman, 1986). When a system additionally reports
confidence, calibration asks whether those probabilities correspond to observed outcome frequencies
(Guo et al., 2017). These are separate properties: a metric can rank examples usefully while having a
distorted numerical scale or unreliable confidence. An evaluation should therefore retain the original
target observations when possible, describe the scale of each endpoint, and examine disagreements
instead of averaging them away. A convenient automated score becomes more credible when its
limitations are measured in the conditions that motivate its use.



4. From a task contrast to a controlled study

The distribution of available behavior constrains what can be inferred from recorded interaction. The
reinforcement-learning framework distinguishes the information in a trajectory from the policy that
produced it (Sutton and Barto, 2018). Offline reinforcement learning makes the limitations of fixed
experience explicit (Levine et al.,, 2020), and conservative Q-learning studies one way to address
out-of-distribution action evaluation (Kumar et al., 2020). The corresponding lesson for rendering is
methodological: an archive of familiar actions is not a complete intervention experiment. If commands are
chosen by an existing policy, some states and responses may remain poorly represented. An evaluation
should document this support and avoid treating absent cases as successful extrapolation. Proposed
counterfactual tests should compare matched initial histories where feasible and retain whether a valid
response was produced. Such evidence can strengthen a limited claim without implying that the system
models every possible action or game mechanic.

Difficult cases can disappear at several stages: data eligibility, generation, measurement, and final
scoring. Each exclusion changes the population represented by the reported result. Coverage-aware
evaluation makes those decisions visible (Geifman and El-Yaniv, 2017). A confidence score should also
be checked when the input distribution changes, because uncertainty under shift is an empirical property
rather than a guarantee of the model interface (Ovadia et al., 2019). An informative record preserves
failures to produce an output and failures to obtain a valid measurement. Treating either as absent data
without explanation can inflate apparent reliability. A proposed method should state its unsupported
conditions and test the boundary between accepted and rejected cases as carefully as the quality of its
successful outputs.

Reproducibility begins with preserving which scientific objects are being linked. Stable identifiers and
reusable metadata help connect inputs, reference observations, model versions, and reported outcomes
(Wilkinson et al., 2016). The scoring pipeline also has dependencies that can change the interpretation of
a result: preprocessing, representation checkpoints, thresholds, and aggregation code can all matter
(Sculley et al., 2015). A compact release should retain those decisions rather than only the final mean.
Where source data cannot be redistributed, an access description and hashes can still identify the analyzed
inputs. This record allows later users to distinguish a change in the underlying system from a change in
how the system was measured. Reproducibility is therefore part of interpretation, not simply a final
packaging step.

5. Conclusion

Both declared scales preserve the full BBF score sample and give a positive equally weighted comparison,
while emphasizing magnitudes differently. The analysis establishes scale sensitivity without claiming that
the coefficients are interchangeable. An interactive evaluation should document transformations, retain
meaningful negative and zero outcomes, and distinguish an observed adverse value from an unavailable
measurement. Those choices determine which scientific cases remain represented before any model or
uncertainty calculation is applied.
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