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Abstract

Within-game means and medians often differ less than a benchmark's overall mean and median might
suggest. In the public BBF files, their game rankings have Spearman associations of 0.995 and 0.982. Yet
individual mean-minus-median gaps reach 0.870 in the main configuration and -0.589 in the opposite
direction. These findings distinguish rank stability from agreement in magnitude. A secondary analysis of
repeated scores motivates retaining both location summaries in interactive evaluations, especially when
occasional strong or weak outputs matter differently to users.

1. Two uses of the word typical

The mean describes an expectation under a specified observation distribution. The median describes its
middle location. Either can be a defensible account of a typical outcome, but they answer different
questions when a distribution is asymmetric. A model that occasionally achieves very high scores can
have a mean that few individual runs resemble. A model with occasional severe failures can have a
favorable median while providing a less favorable expected experience. Choosing between the summaries
therefore requires a purpose rather than a universal preference for one statistic.

Make a game concerns generated interaction, where a typical frame, a typical trajectory, and an expected
user experience are different objects (Meng et al., 2026a). The source's interactive focus makes those
distinctions worth preserving, although no output from that renderer is measured here. The empirical
contribution instead examines means and medians within public BBF task distributions. This supplies a
limited example of how a stable ranking can coexist with disagreement in the numerical outcomes being

summarized.

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.

Common evaluation platforms make comparisons convenient, but convenience should not determine the
scientific estimand. ALE organizes many distinct games under a reusable platform (Bellemare et al.,
2012), while Gym supplies a widely used interaction abstraction (Brockman et al., 2016). Procgen
emphasizes that procedural instances can themselves define an important assessment boundary (Cobbe et
al., 2019). BBF's public result tables give a concrete example in which tasks and runs can be counted
separately (Schwarzer et al., 2023). The broader statistical lesson is that aggregate performance depends
on uncertainty, task heterogeneity, and the chosen summary (Agarwal et al., 2021). A rendering
evaluation should therefore retain environment-level outcomes before constructing a total. Matching the
number of generated frames does not necessarily match the diversity of actions or histories. Nor does a
large number of repeated observations make the benchmark representative of every interactive setting.
The relevant claim is determined by which tasks and variations were observed, under what controls, and
with what weighting.



2. Computing the comparison at the game level

The two released score files include 55 games and 2,912 records in total. For each configuration-game
group, the analysis calculates the mean and median of the supplied normalized score. Their difference is
retained in the same normalized units. The operation is performed separately within each game, so it does
not confuse variation across game baselines with within-game asymmetry. The group summaries are then
described across the 55 tasks with equal task influence.

For the main file, the average mean-minus-median gap is 0.0479 and its median is 0.0008. For the file
without resets, those values are 0.0093 and 0.0015. The near-zero median gaps show that a substantial
discrepancy is not universal. Nevertheless, the main-file range extends from -0.5893 to 0.8699. The
comparison-file range is -0.2255 to 0.2927. A concise average of gaps would therefore conceal cases with
quite different distributional shapes and potential practical consequences.

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.

Learned world models connect visual representation to behavior in several ways. World Models explores
compressed representations of environment experience (Ha and Schmidhuber, 2018). Dreamer uses latent
imagination to support behavior learning (Hafner et al., 2019), IRIS studies transformer-based world
modeling (Micheli et al., 2022), and DIAMOND investigates diffusion-based representations in which
visual detail can matter to control (Alonso et al., 2024). These works establish a useful set of questions
rather than a single interchangeable implementation. What information is retained, which histories
condition prediction, and how is a predicted observation connected to an action consequence? A rendering
study should state which of these questions it actually tests. Visually plausible outputs alone do not
establish an accurate transition model. Conversely, an agent can obtain a favorable return without
reproducing all details relevant to a human viewer. The measurement design should preserve this
distinction and avoid translating a result from one endpoint into an unobserved improvement on another.

3. Rank agreement does not settle the choice

The mean exceeds the median in thirty main-file games and thirty-one comparison-file games. The sign
counts alone do not reveal the severity or frequency of unusual outcomes. A positive gap can arise
through a few very high scores or a broad moderate asymmetry. A negative gap can arise through an
adverse lower tail. The available summary file supports describing the gap, while the underlying repeated
scores are needed to inspect which pattern occurs in a particular game.

Across games, mean and median ranks are strongly associated: Spearman correlation is 0.9949 in the
main file and 0.9816 in the comparison. This is evidence of broadly stable task ordering under the two
location summaries. It is not evidence that their numerical values agree for every task. Ranking can
remain almost unchanged when a small set of outcomes shifts the magnitude of several game means. The
distinction matters if an evaluation uses a score difference to justify a resource allocation, a reliability
claim, or a threshold rather than merely an ordinal comparison.



For rendering, a study could retain a distribution over repeated generations of a fixed history. A central
summary would describe the usual experience, while tail-sensitive summaries would document rare but
consequential control or visual failures. The appropriate endpoint should follow the use. An entertainment
interface might tolerate a visually unusual but valid continuation, whereas a task requiring a persistent
object may not tolerate a rare identity or state substitution. Neither a mean nor a median can supply that
consequence without a definition of what constitutes an error.

An additional level is the distribution over histories. Taking a median across all output frames is not
equivalent to taking a median within each trajectory and then averaging trajectories. Long clips and easy
histories can receive different weight under those operations. The BBF example suggests reporting the
hierarchy rather than flattening it. A later reader should be able to distinguish an average of task
expectations from a statistic describing the middle task, because those summaries answer different
population questions even when their rankings appear similar.

Generative interaction introduces measurement requirements beyond ordinary video synthesis.
GameNGen studies neural generation supporting real-time game interaction (Valevski et al., 2024), while
Genie investigates action-controllable environments learned from unlabeled videos (Bruce et al., 2024).
Their objectives help distinguish response to control from the production of plausible motion. Structural
similarity evaluates a defined image comparison (Wang et al., 2004), learned perceptual similarity uses a
different visual representation (Zhang et al., 2018), and video-distribution metrics add temporal features
to generative assessment (Unterthiner et al., 2018). None of these scores automatically establishes that an
action had its intended effect. A practical study should preserve the action, its timing, and the relevant
output history alongside visual measurements. It should also record cases where the system produces
attractive imagery but violates a state or control requirement. Such disagreement can identify an important
limitation that a combined average would hide. A multi-endpoint report is therefore more informative than
an unexplained total labeled interactive quality.

The phrase generalization needs an object: another observation of the same source, another source within
the same collection, or a different acquisition process. Each requires a different assessment boundary.
Structured validation makes explicit how correlated observations are assigned across training and
evaluation (Roberts et al., 2017). Selection bias can still arise if the final boundary is repeatedly consulted
while choosing a method (Varma and Simon, 2006). Publishing the split identifiers and the information
permitted during each stage allows the claimed transfer to be checked. When a study proposes a new
architecture but performs only a data audit, it should state that difference directly. Useful evidence about
data coverage does not require pretending that a prediction system has already been trained and externally
validated.

A useful reliability claim contains both a performance statement and a scope statement. Selective
prediction shows why a system that answers only some cases must report how many it accepts (Geifman
and El-Yaniv, 2017). Confidence estimation under a changed data distribution requires independent
checking (Ovadia et al., 2019). These requirements apply to generators and to the automated judges used
to assess them. If a judge cannot evaluate a profile, an occluded object, or an unusual interaction, that
inability should remain visible rather than removing the case from the generator's score silently.
Recording the entire decision path permits an analyst to identify whether an apparent improvement came
from better outputs, narrower eligibility, or a more restrictive measurement procedure.



4. Interpreting playability evidence

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.

An automated measurement should not inherit the authority of its training labels without a direct
assessment of use. The relevant checks include systematic disagreement with the intended procedure
(Bland and Altman, 1986) and calibration of any probability claims (Guo et al., 2017). Ranking
performance, absolute accuracy, and confidence reliability are distinct outcomes. A study can improve
one while leaving the others unchanged. Keeping the measurements separate permits examination of those
tradeoffs and avoids implying that one favorable statistic establishes all aspects of validity. When
independent judgments are unavailable, the limitation should remain part of the result. The absence of a
target observation cannot be repaired by combining several correlated proxies into a more elaborate total
score.

An evaluation remains comparable only if its inputs and transformations can be identified. The FAIR
principles emphasize persistent identification and reusable scientific metadata (Wilkinson et al., 2016).
Work on machine-learning technical debt highlights how dependencies and hidden couplings accumulate
in a pipeline (Sculley et al., 2015). In this setting, a score should be linked to the exact references,
generation settings, evaluator version, and aggregation rule that produced it. A replacement checkpoint or
a revised eligibility filter may change the scientific question even when the output column keeps the same
name. Preserving such changes in a release record permits later comparisons to be interpreted honestly.
The objective is not maximum documentation volume, but a recoverable account of the decisions that
affect the result.

5. Conclusion

The released Atari results show high rank agreement between within-game means and medians alongside
some sizable task-specific magnitude gaps. This combination supports careful reporting rather than a
blanket rejection of either summary. Interactive rendering studies should specify what typical means for
the intended user and preserve the outcome distribution needed to assess rare consequences. A stable
ranking is useful information, but it cannot establish numerical agreement or determine how occasional
failures should be valued.
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