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What Seed Labels Can and Cannot Establish in Released
Agent Results

Abstract
All 2,912 configuration-game-seed combinations in the two public BBF files are unique. The main and
comparison files also share no seed labels. These checks support an unambiguous record count, but they
do not certify independent random streams, matched evaluation histories, or a paired component
experiment. The article distinguishes identifier integrity from experimental comparability. For interactive
rendering, repeatable histories, randomness controls, and output identifiers should be recorded separately
so that a label named seed does not carry scientific assumptions that the release never establishes.

1. A reproducibility field is not an experimental design
A seed field is often interpreted as a compact guarantee of repeatability. In practice, its meaning depends
on which random processes it controls, which software consumes it, and which other conditions are held
fixed. A numerical identifier can be unique even when experiments share substantial data or evaluation
histories. Conversely, the same integer can be used in different environments without implying a shared
realization of every stochastic process. Identifier checks are useful, but their scientific meaning must
follow the documented implementation.

Make a game raises a related question for generated interaction (Meng et al., 2026a). A replay might
depend on an initial state, action history, model checkpoint, sampling configuration, and several sources
of randomness. The available public description does not establish a complete replay protocol, so one is
not inferred here. Instead, an audit of released BBF identifiers provides a concrete example of what can be
checked directly and which assumptions remain external to a score table.

The choice of statistical unit should precede the choice of a standard error. A dataset can contain many
rows but relatively few independently acquired histories. Heteroskedasticity-consistent covariance
protects an otherwise specified regression against unequal residual variances (White, 1980). It does not
automatically accommodate observations sharing an environment, subject, or recording. Cluster-robust
inference makes that dependence part of the variance calculation (Cameron and Miller, 2015). The
grouping must follow the observation process and the claim being made; an identifier that is convenient to
store is not necessarily the relevant independent unit. For a descriptive analysis, preserving the groups
also allows readers to recalculate a different population average. An uncertainty interval remains
conditional on the observations and assumptions actually available.

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.
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2. The record-level checks actually performed
The main official CSV contains 2,082 observations, while the file without resets contains 830. Combining
configuration, game, and seed produces 2,912 distinct keys, exactly matching the total row count. Within
the main file there are 2,082 unique seed values, and the comparison contains 830. The two sets of seed
labels have no intersection. There are therefore no shared game-seed keys across configurations either.
The audit does not remove or merge any records through this key definition.

These properties mean a reader can identify each archived row without ambiguity using the recorded
fields. They do not establish how many random initializations, environment episodes, or evaluation
samples contributed to each score. GameScoreAverage is a released summary rather than a trajectory log.
The file does not provide a complete enumeration of the lower-level observations behind it. Consequently,
the unique-row count should not be translated into a larger unobserved episode count or a claim of
statistically independent experimental units.

A proposed explanation should be distinguishable from alternative explanations using observations the
study can actually collect. Diagramming the relationships among selection, exposure, measurement, and
outcome makes that requirement explicit (Greenland et al., 1999). The diagram does not establish its own
correctness, but it prevents adjustment choices from remaining invisible. The same transparency is needed
when investigators inspect many endpoints before choosing a narrative. Controlling false discovery
concerns the behavior of a specified testing family (Benjamini and Hochberg, 1995); it is not a general
certificate of scientific validity. Primary endpoints, secondary descriptions, and future mechanism tests
should be named separately. Readers can then assess whether an attractive pattern was predicted,
explored, or merely noticed after the available comparisons were examined.

World modeling is not defined only by the visual appearance of predicted frames. It concerns the
relationship between experience, representation, and subsequent behavior. World Models (Ha and
Schmidhuber, 2018) and Dreamer (Hafner et al., 2019) illustrate compressed and latent-imagination
approaches, while IRIS (Micheli et al., 2022) and DIAMOND (Alonso et al., 2024) investigate different
sequence-modeling mechanisms. These examples caution against evaluating every system with a single
generic image metric. A control task can depend on a small visual event, a hidden counter, or the
persistence of an object outside the current view. An experiment should specify which of those quantities
is observable and which is only hypothesized. If the underlying state cannot be recorded, a more limited
behavioral contrast may still be informative. The important step is to connect the architecture's proposed
advantage to a consequence that could be supported or contradicted by the actual evaluation.

3. Why the files should not be paired through their row order
There are different numbers of records under the two configurations and no common seed labels. Pairing
their first rows, sorting within games and matching positions, or assigning an artificial common run index
would manufacture a pairing not supplied by the release. A game-level comparison remains possible
because both files include the same 55 task labels. A within-seed paired comparison does not follow from
those labels. The distinction affects both the interpretation and the uncertainty calculation of any
configuration contrast.

Nor would common seed integers alone establish a valid pairing. A controlled paired design should
explain what is shared: initial observations, stochastic environment events, data order, or another source
of variation. If a configuration changes how randomness is consumed, the same starting integer can
produce different subsequent random events. The resulting experiment may still be useful, but its pairing
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needs a justified interpretation. Reproducibility requires a recoverable execution record rather than an
unsupported inference from a column name.

A rendering release could record a hierarchy of identifiers: task definition, initial-state snapshot, action
history, model version, generation invocation, and scoring invocation. The randomness configuration
would be linked to the invocation it actually governs. Such a record would allow users to distinguish a
repeated history with new sampling noise from a newly selected history. It would also identify whether
the evaluator itself is stochastic. These are proposed records, not properties established about Make a
game's unpublished implementation or about the BBF source experiments beyond the fields examined
here.

The audit also clarifies a useful limitation of metadata. Hashing an input or assigning a unique identifier
can show that the same bytes were reused. It cannot by itself show that an outcome measurement is valid,
a population is representative, or a model has learned the intended dynamics. Those claims require their
own observations. A careful report can value identifier integrity without allowing it to substitute for
experimental control or scientific validation.

The ability to accept commands changes the interpretation of a generated sequence. GameNGen's
interactive setting (Valevski et al., 2024) and Genie's action-controllable worlds (Bruce et al., 2024) make
this distinction visible. A command-response pair needs to be judged for its consequence as well as its
visual continuity. Image structure (Wang et al., 2004), learned perceptual correspondence (Zhang et al.,
2018), and video-distribution similarity (Unterthiner et al., 2018) supply useful but incomplete
observations. The evaluator should explain whether a reference trajectory exists and whether the same
initial condition can be replayed. Without those records, a visually different outcome might reflect a valid
stochastic alternative or a failure to obey control. The experiment must distinguish those interpretations
through its task specification. Matching output length alone is insufficient, because a longer sequence can
contain more opportunities for a delayed or persistent control error. The reported endpoint should remain
connected to the history that made the interaction meaningful.

A validation split defines which form of transfer has been observed. Related observations can share
subjects, scenes, prompts, or acquisition conditions, so randomly splitting rows may leave important
information on both sides of the boundary. Structured cross-validation addresses these dependencies
(Roberts et al., 2017). Model selection introduces another boundary: choosing a representation, threshold,
or tuning parameter using the final assessment data makes the resulting error estimate optimistic (Varma
and Simon, 2006). The appropriate held-out unit follows the intended future use. Generalization to a new
frame, a new trajectory, and a new subject are not equivalent claims. A study should record those units
before fitting or choosing a scoring rule, and preserve an assessment set that has not become part of
iterative development.

Coverage should be reported whenever the system or its evaluator can avoid difficult cases. An abstention
policy changes the population on which an accuracy or fidelity score is calculated. Selective classification
formalizes the joint reporting of coverage and conditional performance (Geifman and El-Yaniv, 2017).
Distribution-shift research adds that estimated uncertainty can behave differently outside the development
population (Ovadia et al., 2019). A benchmark should therefore retain which observations were eligible,
accepted, rejected, or unavailable. A result on a carefully limited subset can be useful, provided the subset
is visible. The challenge is to prevent a narrow success claim from becoming a broad capability claim
through omission of the denominator or the circumstances in which the system declines to operate.
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4. From a task contrast to a controlled study
An action-dependent observation has meaning only within a specified interaction process. Reinforcement
learning provides a formal distinction among states, actions, rewards, and policies (Sutton and Barto,
2018). Offline learning further emphasizes that a fixed collection of histories has limited behavioral
support (Levine et al., 2020). Conservative value learning addresses a particular problem arising when
actions are evaluated beyond that support (Kumar et al., 2020). These sources do not validate a rendering
architecture, but they clarify why familiar trajectories can be an incomplete test. A renderer may look
reliable when replaying common histories while responding poorly to interventions that the archive rarely
contains. A future evaluation should state which commands and transitions are supported by its data,
which are deliberately held out, and which remain untested. Reweighting observed histories can alter their
importance but cannot create an observation of a missing control consequence. That boundary should stay
visible in the interpretation of any broad capability claim.

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.

A scientific release should make its most consequential choices recoverable. Persistent identifiers and
explicit metadata support reuse of observations and results (Wilkinson et al., 2016), while attention to
dependencies helps prevent an evaluation from changing unnoticed as software evolves (Sculley et al.,
2015). Relevant choices include the source version, preprocessing, accepted input set, metric
implementation, and weighting convention. The record should also separate an observed output from a
proposed future test. Saving that distinction prevents a plan from later being mistaken for a completed
experiment. A small collection of well-linked records can be more useful than a large folder of
unexplained scores. The important property is whether an independent reader can reconstruct what was
measured and why its reported number has that meaning.

5. Conclusion
The BBF files support a clean count of unique released records and provide no recorded seed pairing
across configurations. That is enough to prevent accidental duplicate counting and artificial row matching.
It is not enough to certify independent random streams or an isolated component effect. Interactive
rendering studies should treat seed information as one documented part of an execution record, preserve
the histories and states needed for meaningful replay, and state explicitly which aspects of an experiment
are actually shared.
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