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Counterfactual Traffic Interventions for Generative Driving
Models

Abstract
Changing one traffic element in a generated scene can alter many others. A useful intervention test must
therefore verify both the intended change and the properties meant to remain stable. This article develops
a counterfactual evaluation design for driving-world generation, motivated by OmniDrive. It distinguishes
a controlled request to a model from a causal intervention in the real world. No traffic scenes are
generated here. The proposed protocol records scene identity, intervention compliance, spillovers, and
assessment uncertainty before interpreting a paired output difference.

1. A changed instruction is only the beginning of an intervention
A request to add a vehicle, move a pedestrian, or change a signal can produce broad scene changes. The
generator may alter camera motion, road layout, or unrelated objects along with the intended element.
Comparing two resulting clips therefore does not automatically isolate the requested factor. A
counterfactual-style evaluation should specify the intervention and the preservation boundary, then verify
both in the outputs. The term counterfactual should not make an uncontrolled pair appear causally clean
merely because its prompts differ by one phrase.

OmniDrive proposes structured scene choreography through multiple agents and a WorldScript-oriented
workflow (Meng et al., 2026d). That organization motivates testing whether a declared scene change can
be made while other requirements remain compatible. The present article proposes such a test without
running the architecture or measuring intervention fidelity. It treats the generated comparison as a model
behavior study. Any claim about real traffic consequences would require additional evidence linking the
model's changes to an appropriate real-world causal setting.

Road-scene benchmarks vary in what they observe and what their annotations mean. KITTI (Geiger et al.,
2012) and nuScenes (Caesar et al., 2019) provide different autonomous-driving data settings, while
BDD100K (Yu et al., 2018) and the Waymo Open Dataset (Sun et al., 2019) broaden the available tasks
and collections in other ways. A study should select a source because its records fit the scientific question,
not because several benchmark names appear together in the literature. Documentation of collection,
processing, and intended use makes that choice assessable (Gebru et al., 2021). The same discipline
applies within one source: tracking annotations and detection annotations need not share every label
convention. An analyst should consult the relevant archive definition rather than import a familiar
interpretation from another task. When only labels are processed, conclusions concern those labels and
their observed relationships. Visual realism, cross-view compatibility, and downstream detector utility
remain further outcomes that require appropriate inputs and measurements. A clear evidence boundary
makes the annotation analysis useful without presenting it as a completed evaluation of a driving
generator.
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2. Defining the intended change and protected properties
A proposed experiment would preserve a base scene specification, an intervention specification, model
versions, sampling settings, and all generated attempts. The intervention would identify the object,
attribute, relationship, or event to change. Protected properties would identify what should remain stable,
allowing for consequences explicitly required by the task. A binary image mask alone may be insufficient
because an added object can legitimately affect visibility or shadows. The protocol should describe
intended semantic consequences rather than demand identical pixels everywhere else.

Paired generation could use shared settings or random-state information where available, but a shared
seed does not prove that every unintended source of variation is held fixed. The study should assess actual
output changes. It could distinguish compliance with the intervention from preservation of road layout,
other object identities, camera relationships, and temporal structure. Uncertain or unobservable properties
should remain in the coverage record rather than becoming assumed invariants because their specification
was copied between requests.

The intervention set would be selected before final outcome inspection and should include conditions
relevant to the intended use. A deliberately challenging test can be valuable, but it does not estimate the
natural frequency of those conditions in driving. A practical workflow may also include iterative
correction, whose effort and stopping rule should be reported. A controlled single-attempt comparison and
a user-assisted correction process provide different evidence and should not share an unexplained
reliability denominator.

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.

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.

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
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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.

3. Interpreting paired changes in generated scenes
The analysis would first verify that the requested intervention occurred. A difference in downstream score
without intervention compliance does not answer the intended question. It would then examine protected
properties and permitted consequences. These dimensions should remain separate so that a successful
object addition does not conceal a changed road or incompatible camera view. A combined utility can be
defined for an application, but its weighting should not erase the component observations needed to
understand the tradeoff.

Repeated scenes and samples should retain their hierarchy. Several interventions on one base scene are
not equivalent to several independently sampled environments. Uncertainty should reflect the intended
generalization unit and the dependence introduced by pairing. The study should also retain all failed or
unassessable attempts. Selecting only visually plausible pairs after generation can make the intervention
appear more controlled than the complete workflow actually is, particularly if difficult spillovers are
disproportionately excluded from the displayed examples.

Finally, synthetic interventions should be interpreted within the model's tested support. A plausible
change in a clip does not establish the physical response of a real road system or a valid safety estimate. A
later task study could assess whether such outputs improve a declared downstream model on independent
real data. That would be new evidence with its own design. The present proposal instead defines a
bounded capability: controlled, assessable scene modification under a documented preservation boundary
and generation budget.

Visual plausibility is only one dimension of a generated driving scene. Structural similarity (Wang et al.,
2004) and learned perceptual similarity (Zhang et al., 2018) compare particular image properties, while
video-distribution evaluation (Unterthiner et al., 2018) and VBench's multidimensional framework
(Huang et al., 2023) address other aspects of generated output. None alone establishes that synchronized
camera views depict one compatible scene. A method can produce sharp, individually credible frames
with inconsistent object placement across views. It can also preserve geometry while showing visible
temporal defects. The evaluation should retain these outcomes separately and connect each instrument to
the reference information it requires. A label-only analysis cannot calculate these visual measures because
it has not processed the necessary images or clips. Its role is to describe annotation conditions that may
deserve targeted generation tests. A subsequent experiment would need actual outputs, declared sampling,
synchronized assessment, and an uncertainty policy. Those measurements should be reported as new
evidence rather than inferred from favorable distributions in the reference label archive.

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
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should be named separately. Readers can then assess whether an attractive pattern was predicted,
explored, or merely noticed after the available comparisons were examined.

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. Evaluation design beyond the observed archive
Prediction, generation, and decision utility are related research goals with distinct assessment
requirements. World Models (Ha and Schmidhuber, 2018) and Dreamer (Hafner et al., 2019) investigate
learned representations and behavior in particular settings. CLIP (Radford et al., 2021) supplies a
visual-language representation, while IP-Adapter (Ye et al., 2023) supplies an image-conditioning route.
Offline reinforcement learning (Levine et al., 2020) further motivates attention to the distributional
support of fixed experience. None of these roles makes an untested generated driving scene useful for
every downstream task. A study should specify whether it observes semantic compliance, scene
compatibility, perception transfer, or behavior under a declared decision process. The required inputs and
failure definitions follow from that choice. An annotation archive can describe visibility and coverage in
recorded data, but it has not generated synthetic training examples or measured their consequences. Its
scientific value is to inform targeted follow-up conditions while keeping the claims about unperformed
generation, task transfer, and control separate from the descriptive result.

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.
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5. Conclusion
Counterfactual-style driving tests need verified intervention compliance and explicit protected properties.
The proposed design records scene versions, spillovers, attempts, and uncertainty, while distinguishing
model behavior from real-world causation. It reports no new generation results. Its contribution is an
interpretable paired comparison in which a requested traffic change becomes an observed, bounded
capability rather than an assumed isolated intervention inferred solely from a small difference in the input
script.
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