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Abstract

Different driving clips can share the same recording, location, objects, or source frames even when their
filenames differ. Evaluation separation should therefore be defined at the scene level relevant to the
generalization claim. This article proposes a provenance-based leakage audit for multi-view driving
generation, motivated by OmniDrive. No training corpus or benchmark is newly searched. The design
distinguishes known shared observations from unverified exposure and explains how a clean file split can
remain insufficient evidence for transfer to genuinely new driving scenes.

1. A new clip need not be a new scene

Adjacent windows from one recording can share road geometry, objects, and acquisition conditions.
Different camera views can also describe the same underlying scene at the same time. A benchmark split
by clip filename may therefore place closely related observations on both sides of an assessment
boundary. Whether that relationship is problematic depends on the intended task. Predicting another
interval of a familiar scene and generating a new environment are different generalization claims and
require different separation rules.

OmniDrive proposes multi-view driving-video generation with coordinated scene structure (Meng et al.,
2026d). That setting makes scene identity and shared observations important when interpreting
benchmark results. The present article develops an audit design without searching the focal model's
training data or asserting that its assessment contains leakage. Its question is how to establish known
separation from available provenance and how to state uncertainty when source histories or complete
training records are unavailable. A useful audit should connect each finding to the specific claim it can
affect.

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.

A driving-data analysis should preserve the path from a benchmark's broad description to the specific
observations it uses. KITTI (Geiger et al., 2012), nuScenes (Caesar et al., 2019), BDD100K (Yu et al.,
2018), and Waymo's open perception collection (Sun et al., 2019) differ in their data organization and
assessment purposes. Datasheets encourage documenting why a particular subset is appropriate (Gebru et
al.,, 2021). For annotation-only work, the key details include sequence selection, class definitions,
visibility eligibility, track identity, and the units of recorded coordinates. These determine what a
row-level association represents. They also limit transfer: observations from one archive do not
automatically describe every road, sensor configuration, or generated scene. A result can guide future
benchmark construction while remaining descriptive. The next empirical step would obtain the visual or
geometric evidence required by the proposed capability claim. Keeping that step separate avoids implying



that an annotation table has already tested a generator's synchronized cameras, physical compatibility,
perception benefit, or behavior in a deployed driving system.

2. Defining scene relationships before checking overlap

A proposed record would link camera views, time windows, recording sessions, locations where
documented, and parent source observations. Exact file identity is one relationship, not a complete scene
definition. A hash can establish identical artifacts but misses changed encoding, crops, and neighboring
observations. Source metadata can identify other shared histories where it exists. Candidate visual
matches can assist a review, but their uncertainty should remain visible rather than become verified scene
links without a declared confirmation procedure.

The intended split would state which relationships are allowed. A new-camera test may intentionally share
scene time across partitions, whereas a new-location test needs a broader boundary. The audit should
preserve both the rule and the observed links. It should avoid calling a split clean without saying what unit
was separated. A subject, vehicle track, road segment, recording, and geographic area are not
interchangeable units merely because each could be represented by an identifier in a data table.

Training exposure should be treated separately from benchmark-internal overlap. Public availability of a
driving clip does not prove that a particular model used it. Failure to find an exact copy in an incomplete
record does not prove absence of related observations. Known training manifests or appropriate direct
evidence can support bounded conclusions. Where they are unavailable, the study can still audit its own
development and assessment partitions, while preserving uncertainty about the broader training history
rather than claiming universal nonexposure.

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.

Temporal identity is an assessment target distinct from per-frame appearance. HOTA (Luiten et al., 2020)
provides a tracking-evaluation foundation, while ByteTrack (Zhang et al., 2021) and AB3DMOT (Weng
et al., 2020) illustrate practical association settings with different input structures. A study drawing on this
literature should still distinguish reference labels from algorithm outputs. Repeated ground-truth
annotations can describe track lengths, visibility changes, and the observation population, but they cannot
establish detection recall or association accuracy in the absence of predictions. For a driving generator, a
separate protocol would need to define how an object is identified across views and time and what counts
as a consequential inconsistency. A pair of plausible camera images is insufficient evidence if their
objects cannot belong to one scene. Conversely, a difficult visibility interval can make assessment
uncertain without proving an error. Preserving the observation hierarchy and assessment coverage
connects a useful annotation result to such a protocol without claiming that the protocol has already
produced a performance finding.



3. Connecting an audit finding to the evaluation

Known overlap should be interpreted against the declared estimand. A shared scene can be acceptable for
measuring another view of a familiar environment but insufficient for a claim about unseen locations. The
remedy is not always to discard every related record. It may be to report the narrower capability
accurately or construct an additional separated assessment. If records are removed, the resulting
population, condition coverage, and sample size should receive a new version rather than silently
replacing the original benchmark denominator.

Checks should be planned before outcome-driven revisions where feasible. Repeatedly changing the split
after inspecting favorable or unfavorable results can turn assessment into development. A transparent
audit preserves candidate matches, adjudications, rules, and timing. Sensitivity results on known overlap
categories can be useful, but they do not establish that every unrecognized relationship has been ruled out.
The strength of the conclusion follows the completeness and reliability of the source links, not the
confidence of the audit's final wording.

Finally, leakage control is not generated performance. A well-separated benchmark supports a stronger
interpretation of the observations collected on it, but the generator still needs direct evaluation for
compliance, compatibility, temporal quality, and any downstream task. Conversely, an uncertain
boundary may limit broad transfer claims without making every descriptive output observation worthless.
This layered interpretation preserves useful evidence while identifying exactly which additional source
records or independently collected scenes would strengthen the scientific conclusion.

Generated-video quality should not be reduced to a single unqualified resemblance score. Structural
similarity (Wang et al., 2004), LPIPS (Zhang et al., 2018), FVD (Unterthiner et al., 2018), and VBench
(Huang et al., 2023) measure or organize different aspects of visual evidence. Their units and input
requirements differ. A paired image comparison is not the same as a collection-level distributional
assessment, and neither automatically verifies object compatibility between camera views. A
driving-world claim should therefore state its intended consequence and select observations accordingly.
Synchronized scene geometry, temporal persistence, instruction execution, and general visual appearance
may all matter while remaining distinct. If the current empirical input is an annotation archive, none of
these visual outcomes has been newly measured. The archive can reveal where difficult visibility or
sparse support occurs and can guide later test sampling. A clear separation between that descriptive role
and a proposed generation evaluation prevents a useful data analysis from being presented as a completed
validation of visual realism or world-model consistency.

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.

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. Measurement and transfer across road scenes

World-model research connects learned scene dynamics to possible downstream use, but the evidence
needed depends on the intended use. World Models (Ha and Schmidhuber, 2018) and Dreamer (Hafner et
al., 2019) motivate learning predictive representations and behavior from experience. CLIP (Radford et
al., 2021) and IP-Adapter (Ye et al., 2023) illustrate other roles for language and image evidence in
conditioning or representing content. Offline reinforcement learning highlights the limits imposed by a
fixed observation distribution (Levine et al., 2020). These sources do not establish that a plausible driving
video improves perception or supports safe control. Such claims require direct task evaluation under
declared training and assessment conditions. A proposed multi-agent scene generator can be assessed for
instruction execution, consistency, and resource use before any downstream benefit is claimed. An
annotation-only result supplies background about the observed data population, not a substitute for those
outcomes. The relevant conclusion should therefore match the measurement performed and leave untested
behavior, utility, and transfer as explicit future empirical questions.

Replacing an expensive judgment with an automated score changes the measurement process. A positive
correlation is evidence of co-movement, but it does not establish that the two procedures can be used
interchangeably (Bland and Altman, 1986). A calibrated forecast has a different requirement: its stated
probabilities should match relevant observed frequencies (Guo et al., 2017). Neither property follows
merely from a favorable overall ranking. A useful comparison preserves paired measurements, identifies
the conditions in which disagreement matters, and keeps scale transformations explicit. If the intended
judgment concerns recognizability, playability, or physical compatibility, the proxy should be assessed
against that judgment directly. Agreement on easy cases cannot supply evidence about the difficult

conditions absent from the comparison.

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

Scene-level evaluation needs explicit relationships among views, times, recordings, and source
observations. The proposed audit reports no new leakage finding. It distinguishes exact artifacts, related
scenes, permitted task overlap, and unknown training exposure. Its contribution is a defensible separation
boundary for future driving-video studies, ensuring that a new filename or clip window does not silently
become evidence of transfer to an environment whose independence the available records never
established.
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