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Abstract

New layouts within a familiar game are different evidence from new game mechanics. This conceptual
study proposes a hierarchy of procedural variation for interactive-rendering evaluation, separating
changed instances, changed visual styles, and changed task rules. It also specifies how histories and
generation settings should be partitioned before model selection. Make a game motivates the interface
problem, but no transfer experiment is reported. The proposal supports bounded claims about the variation
actually held out and avoids treating a new random seed or visual texture as proof of generalization to a
new environment family.

1. A new instance may preserve most of the problem

A procedurally generated environment can change its layout while retaining familiar objects, controls, and
task rules. This is a meaningful form of variation, but it is not equivalent to learning a new mechanic. A
renderer can succeed on a new arrangement because the important transitions remain familiar. It can also
fail after a visual style change even when the underlying task has not changed. An evaluation should
identify which properties vary and which remain fixed rather than use novelty as an undifferentiated label.

Make a game motivates studying a generative interface across interactive scenarios (Meng et al., 2026a).
The public description does not provide enough detail to certify which scenarios were held out or how
their variation was produced. This article therefore develops an evaluation hierarchy as a research design.
It does not claim that the proposed renderer has passed or failed any particular procedural test. The
objective is to connect the wording of a transfer claim to the information the evaluation actually
withholds.

A benchmark's title does not specify every property of its released files. ALE establishes a platform and
task population (Bellemare et al., 2012); Gym describes an interaction interface (Brockman et al., 2016);
Procgen studies procedural variation (Cobbe et al., 2019). Each addresses a different aspect of evaluation.
A secondary analysis of BBF should follow the task labels and scores actually present in the downloaded
release rather than infer coverage from the associated paper's headline setting (Schwarzer et al., 2023).
Statistical evaluation also benefits from retaining distributions instead of presenting only one preferred
aggregate (Agarwal et al., 2021). Applied to generated interaction, this means recording environments,
histories, available controls, and repeated outputs explicitly. A reader should be able to tell whether a
result concerns familiar states, unseen histories within familiar games, or new environment families.
Those are different forms of evidence, even when all are measured through a common software interface
and summarized using a similarly named score.

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.

2. Defining the variation before drawing instances

One level could vary initial positions and layouts while keeping object categories, controls, and transition
rules fixed. A second could change appearance while preserving those rules. A third could introduce new
combinations of familiar mechanics, and a fourth could alter a mechanic itself. These are proposed design
categories rather than a universal taxonomy. Their purpose is to prevent a favorable result at an easier
level from being silently described as evidence at a harder one.

For each level, the record should identify the procedure that generates instances and the parameters
withheld during development. A seed label is insufficient if the same resulting layouts or nearly identical
histories occur on both sides of the split. Conversely, two seeds can generate overlapping conditions
legitimately if the intended claim concerns repeated draws from a known population. The split should
follow the scientific question, and the release should preserve enough instance information to check the
relationship between development and assessment cases.

The endpoint must also remain meaningful across variation. A visual comparison against one reference
trajectory can become inappropriate when several continuations are valid. A task rule may provide a more
stable criterion for action consequences, accompanied by an appearance assessment that permits the
intended diversity. The evaluation should not penalize a correct new layout merely because it differs from
a familiar screenshot. Nor should it grant success to an attractive scene that violates the unchanged
mechanic under test.

A large collection of measurements does not guarantee a large collection of independent cases. Repeated
observations can share unrecorded acquisition conditions or a common source, making row-level
uncertainty misleading. White's covariance estimator addresses heteroskedasticity within a specified
regression (White, 1980), while cluster methods address a declared form of grouped dependence
(Cameron and Miller, 2015). Neither approach repairs a poorly defined outcome or establishes
representativeness of the observed sample. A report should identify the number of groups, their relative
sizes, and the reason for selecting the grouping level. When only a few independent groups are available,
apparently precise numerical intervals warrant particular caution. This is a limitation of the evidence
structure, rather than a reason to count correlated measurements as fresh observations.

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.

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. Interpreting transfer without hiding its denominator

A proposed study would report the number of generated instances, valid interactions, measurable outputs,
and task successes at every declared level. This matters because a system may reject more unfamiliar
cases or fail before a score can be computed. Comparing only accepted outputs could make the most
restrictive operating region appear strongest. A useful result should retain both performance and coverage,
along with the reason that a case was excluded or could not be assessed.

Adaptation opportunities must also be matched. A method that receives new reference histories,
fine-tuning, or manual plugin changes has been given information unavailable to a method evaluated
without adaptation. Such a comparison may reflect a realistic workflow, but it should not be called the
same zero-adaptation task. The resource record should distinguish preparation for an environment from
the repeated generation of outputs once that preparation is complete. The evaluation can then compare the
workflows without obscuring what each system was allowed to learn.

The strongest conceptual contribution of procedural testing is a controlled ladder of questions. If
performance changes only when mechanics change, that suggests a different research direction from a
failure under harmless appearance variation. The observations would still need careful follow-up before
assigning an internal cause. A hierarchy of tests is valuable because it makes those alternatives visible, not
because it automatically explains them. No result on a finite ladder establishes arbitrary environmental
competence beyond its observed support.

The protected assessment population should be defined before investigators inspect detailed failures.
Once a collection of cases guides repeated revisions, it has become development information even if its
filenames still carry an evaluation label. Cross-validation for dependent data treats the grouping of
observations as a substantive design decision (Roberts et al., 2017). Research on model selection likewise
shows why tuning and final error estimation should not reuse the same information (Varma and Simon,
2006). A practical record therefore distinguishes fitting data, diagnostic examples, validation data, and the
final external assessment. Where only a fixed public table is available, a descriptive analysis remains
legitimate, but it should not be renamed a held-out prediction experiment without generating and
assessing predictions under a protected split.

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. Controls, histories, and the evaluation boundary

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.

A system's reliable operating region may be narrower than the collection of inputs an interface accepts.
Selective prediction separates performance on accepted cases from the fraction of cases accepted
(Geifman and El-Yaniv, 2017). Reporting only the former can hide a substantial loss of coverage.
Uncertainty estimates may also change under distribution shift (Ovadia et al., 2019), so familiar-condition
confidence is not automatically evidence about new subjects, scenes, or control histories. A useful
evaluation records rejected, ambiguous, and unsupported cases alongside successful ones. This makes it
possible to distinguish limited but honest capability from a system that answers broadly with unreliable
certainty. Any proposed deferral rule still requires assessment on its intended input population; it is not
validated merely by being described.

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

Procedural variation can make transfer claims more precise when the changed and unchanged properties
are documented. New layouts, appearance changes, new combinations, and new mechanics should be
interpreted as different assessment boundaries. The proposed design protects those boundaries, matches
adaptation access, and retains coverage alongside outcomes. It is a plan for a direct renderer study rather
than a completed experiment. Its value is to make a limited success claim clear enough that a stronger
claim can be tested separately.
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