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Abstract

Human assessment of subject consistency is sensitive to the references, questions, and viewing conditions
presented to observers. A preference for an attractive clip may not answer whether it preserves a particular
person. This conceptual article develops a comparative study in which identity, instruction execution, and
general appearance receive separate judgments. It uses ARGUS to motivate evaluation with multiple
reference views. No participants are recruited and no preference rates are reported. The proposed design
makes a human comparison answer a specific preservation question.

1. Asking observers a question they can answer

The phrase same subject can refer to different perceptual requirements. An observer might recognize a
face despite changed clothing, or might identify a character largely through a costume and background.
Neither interpretation is automatically wrong, but they correspond to different tasks. Before collecting
judgments, a study should describe which evidence is supposed to persist and which transformations the
generator is expected to carry out. Otherwise its preference score can conceal disagreement about the task
itself.

ARGUS presents a reference-conditioned video setting in which organized views contribute identity
evidence (Meng et al., 2026b). A human comparison in this setting should state which of those references
the observers see. The present article proposes such a comparison without assessing any generated clips.
Its concern is whether the viewing protocol permits a subject-consistency interpretation, especially when a
method produces appealing motion that can distract from a subtle change in identity.

Replication has several levels: a second measurement, a second trajectory, and a second independently
acquired setting are different additions to evidence. Statistical calculations should retain those
distinctions. Heteroskedasticity-robust regression inference concerns unequal conditional variances
(White, 1980); cluster-robust inference concerns dependencies shared within groups (Cameron and
Miller, 2015). The group definition should be justified through the data collection and evaluation process,
and not chosen because it produces a preferred significance result. Unequal group sizes also influence
what a pooled average represents. Reporting both the group count and observation count permits a reader
to see whether the calculation describes common cases, heavily recorded cases, or an explicitly balanced
group population. No variance estimator alone resolves that choice of estimand.

The validity of an identity evaluation depends partly on how its scientific objects are named and linked.
LFW's identity, image, pair, and fold units are explicit parts of its protocol (Huang et al., 2008). The
scikit-learn implementation documents which file corresponds to each supported task (Pedregosa et al.,
2011). Dataset provenance should similarly make the intended use and selection process recoverable
(Gebru et al.,, 2021). In video generation, an evaluator needs additional links among reference
observations, subjects, clips, and frames. Repeated references can provide useful evidence without
becoming independent subjects. A pair-level metadata audit can reveal those relationships, but it cannot
evaluate the visual content of a generated clip. The distinction is productive: data organization can be
checked before an expensive model study begins, and the missing measurements can be specified rather
than silently assumed to exist.



2. Structuring the comparison and its records

A proposed task would show the relevant references together with clips generated for a common
instruction. Observers would first judge recognizability of the referenced subject under a defined
question. Separate questions would assess the requested transformation and general visual coherence. The
response format should allow no discernible difference and insufficient evidence. Forcing a binary winner
in ambiguous cases may create apparent information that the observer did not actually possess.

Presentation order, clip position, playback opportunity, and visible identifying labels should be controlled
and recorded. Blinding method names can reduce an obvious source of expectation, although it does not
prevent observers from recognizing characteristic artifacts. A pilot could test whether instructions are
understood and whether the viewing duration is adequate. Its purpose would be to improve the procedure;
pilot observations should not be silently combined with a later confirmatory comparison after the
questions have changed.

Sampling should preserve the hierarchy of subjects, instructions, generated samples, and reviewers.
Several reviewers of one clip add information about judgment variability, not additional independently
generated clips. Several clips of one subject likewise do not create new subjects. Assignment of review
tasks can distribute fatigue and balance comparisons. The final analysis should retain these links so that
uncertainty reflects the actual evidence rather than treating every button press as an unrelated
experimental unit.

The scientific interpretation should specify what would change under the proposed intervention. Holding
an observed covariate fixed statistically is not equivalent to manipulating it in an environment. A causal
graph helps separate confounders, mediators, and selection mechanisms (Greenland et al., 1999). It can
also reveal why controlling for every recorded variable is not automatically defensible. Meanwhile, an
evaluation with multiple conditions and endpoints creates a family of opportunities for apparently striking
findings. Multiplicity methods require a declared set of comparisons and an appropriate inferential
purpose (Benjamini and Hochberg, 1995). Descriptive tables may be useful without testing every cell.
When the data do not identify a mechanism, the appropriate contribution can be a sharper question and a
transparent comparison rather than an unsupported causal answer.

Discriminative identity representations address a different question from the design of the test population.
FaceNet learns an embedding for verification and related recognition tasks (Schroff et al., 2015). ArcFace
(Deng et al., 2018) and CosFace (Wang et al., 2018) develop margin-based approaches to discriminative
face learning. These methods do not determine which reference views should be supplied to a generator.
Dataset choices also alter the challenge: VGGFace2 emphasizes pose and age variation (Cao et al., 2017),
MegaFace increases the scale of recognition distractors (Kemelmacher-Shlizerman et al., 2015), and
FairFace studies representation across annotated demographic groups (Kérkkéinen and Joo, 2019). Their
relevance is to separate distinct kinds of coverage. Many comparisons of a small reference set cannot
replace missing pose variation or a different population of people. A study should state which identity
measurement it uses, how thresholds are selected, and what the represented cases actually cover. Strong
performance on one protocol does not establish universal validity of the embedding across generated or
stylized subjects.



3. Reading agreement and preference together

Agreement among observers can help describe whether the task has a stable interpretation, but unanimous
judgments do not establish validity by themselves. Observers can share a cue that the study did not intend
to measure. Follow-up questions or carefully chosen contrasting cases may reveal whether they rely on
face structure, clothing, motion, or scene context. Such checks should be planned and should avoid
inferring a general cognitive mechanism from a small convenience sample.

A paired preference result should be accompanied by the conditions on which it is based. A method could
win often on familiar frontal references yet show no advantage during occlusion. Another could preserve
the person while failing the requested action. Reporting these outcomes separately allows the reader to
judge the tradeoff. A single weighted total is possible, but the weighting expresses a use preference and
should not be represented as a neutral definition of identity.

Reviewer recruitment and exclusions also affect interpretation. A study should document eligibility,
relevant experience, training, incomplete tasks, and exclusion rules without exposing unnecessary
personal information. Results from one panel support conclusions about that panel and its task conditions.
Transport to another population of users requires additional evidence. This is particularly important when
recognizing the subject depends on prior familiarity, cultural conventions, or specialized knowledge of a
character rather than solely on the supplied photographs.

Different reference-conditioning mechanisms can receive different amounts of information. DreamBooth
adapts a generation model around a subject (Ruiz et al., 2022), while IP-Adapter offers a compatible
image-conditioning route (Ye et al., 2023). A fair comparison should preserve how many views, which
resolutions, and which adaptation opportunities are supplied. CLIP's language-supervised visual
representation (Radford et al., 2021) and DINO's self-supervised features (Caron et al., 2021) can provide
useful descriptions of outputs, but their training objectives do not establish a person-recognition standard.
The endpoint should specify whether success means matching reference appearance, retaining a
recognizable subject, or satisfying a requested scene. Those properties can disagree. A useful analysis
would keep the disagreement visible and ask which source of evidence each method uses. The relevant
advantage is a measured improvement under a declared information budget, not an unqualified increase in
similarity to whatever reference happened to be available.

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.

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.

4. Designing an interpretable preservation study

Video evaluation should preserve the distinction among identity, temporal behavior, and general visual
appearance. VBench offers a multidimensional approach to video assessment (Huang et al., 2023), while
structural similarity (Wang et al., 2004), learned perceptual metrics (Zhang et al., 2018), and generative
video-distribution evaluation (Unterthiner et al., 2018) provide different kinds of measurements. Their
outputs can disagree for scientifically meaningful reasons. A temporal average may dilute a brief subject
substitution, and a strong reference match may reward a nearly static output that fails to carry out the
requested motion. The test should therefore retain where and when each observation was made. Human
judgments or task-specific measurements may be needed to determine whether a disagreement is
consequential. Combining metrics is reasonable only when the combination's interpretation is explicit. A
total score should not conceal the fact that one component was unavailable or inappropriate for the very
cases motivating the new generation method.

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.

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.

5. Conclusion

A useful human comparison begins with a defined identity question and an adequate reference
presentation. It preserves ambiguity, separates appearance preferences from subject consistency, and
accounts for repeated observations of clips and reviewers. The design proposed here has not been
implemented. Its value is to make future preference evidence interpretable: a winning clip should win on
the stated preservation requirement rather than on an unspecified mixture of attractiveness, motion,
familiarity, and presentation effects.
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