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Abstract

An automated identity evaluator sometimes encounters too little evidence to make a useful decision.
Treating every such case as a confident match or mismatch hides a measurement problem inside the
generator's performance score. This article proposes an evaluation design that records uncertainty, permits
deferral, and reports coverage alongside identity outcomes. ARGUS supplies the motivating setting of
video generated from structured references. No recognition experiment is conducted. The contribution is a
decision framework for distinguishing uncertain observations from observed failures of subject

preservation.

1. When the evidence does not support a decision

An identity judgment depends on what is visible and on the suitability of the scoring instrument. A distant
subject, an unfamiliar view, or a partly obscured face can make a comparison difficult without
establishing that the subject has changed. Conversely, a confident numerical output can remain wrong.
Confidence and correctness therefore need separate records. A study should avoid interpreting the mere
availability of a similarity number as evidence that its underlying decision is reliable.

ARGUS conditions video generation on organized identity references (Meng et al., 2026b). That setting
makes reference access an important part of uncertainty: an output view may contain useful evidence for a
human observer while lacking a corresponding view in the supplied references. This article develops a
conceptual assessment protocol rather than evaluating ARGUS outputs. It asks how a benchmark could
acknowledge inadequate evidence while still holding a generator accountable for visible changes of
subject and failures to produce the requested scene.

A benchmark's observation count should be accompanied by a description of what an observation is. The
LFW pair protocol separates identities from their images and from the comparisons used for verification
(Huang et al., 2008). Its documented software access routes also distinguish the ten-fold assessment from
development subsets (Pedregosa et al., 2011). Dataset documentation connects those files to their
collection and intended purpose (Gebru et al., 2021). A generation benchmark needs an equally explicit
account of how a referenced subject becomes a set of output clips and scored frames. Without it, repeated
observations may receive unintended weight or cross a supposed assessment boundary. A metadata
analysis can establish whether those links are consistent. It should still avoid claiming that consistency of
filenames proves recognizability, fair representation, or robustness under viewpoint change. Those are
further outcomes requiring appropriate measurements.

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 (Kéarkkéinen 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.

2. Defining a useful deferral policy

A proposed evaluator would produce an identity result together with a declared assessment status. The
status should distinguish a scored observation, a deferred observation, and a processing failure. Those
categories need operational definitions that can be applied without knowing which generator produced the
clip. Otherwise a permissive deferral rule could preferentially remove difficult cases for one method. The
record should preserve the original observation so that a second assessment remains possible.

Thresholds for deferral would be selected using development material appropriate to the intended output
conditions. A photographic validation set alone cannot establish that confidence is meaningful on
generated motion. Evaluation should therefore include independently judged generated examples
spanning the relevant visibility states. The test portion should remain separate from this tuning exercise.
Reporting only the accuracy among accepted decisions would reward excessive abstention; reporting only
coverage would ignore incorrect decisions among the accepted cases.

A practical report could display the relationship between retained coverage and disagreement with
independent judgments. It should specify the unit being retained, since deferring one frame differs from
deferring an entire subject or clip. Coverage should also be broken down by observed conditions. A policy
that keeps almost every frontal frame but rejects most profile views may still support a narrow
application, yet it cannot establish robust preservation across those missing views.

Precision and identification are separate properties of a result. A narrow interval can surround an
association whose scientific target is unclear. Robust covariance calculations allow particular departures
from simple error assumptions, including unequal variance (White, 1980) and dependence within declared
clusters (Cameron and Miller, 2015). Their role is to improve uncertainty calculations under those
assumptions. They do not establish a causal assignment, guarantee a correct measurement, or expand
coverage to conditions missing from the data. The analyst should therefore explain both the averaging
population and the source of replication. An evaluation repeated many times on one history may provide
information about stochastic variability while supplying little evidence about transfer to another history.
Those two sources of uncertainty should remain distinguishable in the final interpretation.

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.

The reference path and the scoring path should be distinguishable in an experiment. DreamBooth (Ruiz et
al., 2022) and IP-Adapter (Ye et al., 2023) illustrate different ways to make subject or image evidence
influence generation. CLIP (Radford et al., 2021) and DINO (Caron et al., 2021) illustrate representations
that can be used to compare visual content for other purposes. Reusing the same representation for
conditioning and evaluation may create shared sensitivities that deserve examination. It is not proof of
invalidity, but it strengthens the case for an independent human or task endpoint. A comparison should



report which information enters each path and retain reference-specific artifacts as potential confounds.
The generator's ability to reproduce a background, camera style, or distinctive clothing can be useful
while remaining different from preserving identity under a requested change. A careful evaluation makes
that difference observable.

3. How uncertainty changes the interpretation of a benchmark

Human review is a possible destination for deferred cases, but it is not an automatic source of truth.
Reviewers need sufficient reference evidence, a clear task, and the ability to express their own
uncertainty. A disagreement between the automated system and a reviewer should be investigated under
that shared information boundary. Additional references may resolve ambiguity, although giving them
only to the reviewer creates a different comparison that should be labeled explicitly.

The generator's own behavior remains relevant. If it systematically produces views that cannot be
assessed by the intended workflow, that loss of observability can have practical consequences even when
identity failure has not been demonstrated. An evaluation can report it as a coverage outcome. It should
not silently assign the most favorable interpretation to missing measurements, nor should it automatically
treat every unmeasurable frame as a proven substitution of subject.

Comparisons between methods should use a common deferral policy or explain why their policies differ.
The policy must be frozen before final assessment, including how repeated uncertain frames become a
clip result. Sensitivity analyses can show how conclusions change under plausible decision rules. These
analyses describe dependence on an assessment choice; they cannot discover correctness in cases where
no adequate independent evidence exists. The proposed design therefore keeps the unresolved portion
visible in the final claim.

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.

A score is useful only relative to the question it is supposed to answer. Correlation measures a relationship
between varying quantities, whereas agreement concerns the discrepancies produced when one procedure
substitutes for another (Bland and Altman, 1986). Confidence estimates add a further question about
calibration (Guo et al., 2017). These distinctions matter when a learned evaluator becomes the principal
source of evidence about another learned system. The evaluation should preserve examples with
conflicting scores and obtain independent target judgments where feasible. Numerical ranges and
normalization choices should also be documented. An apparently small difference may have a different
practical meaning near a decision threshold than in an unimportant part of the scale. Reporting the
intended consequence gives those comparisons an interpretable purpose.



4. Designing an interpretable preservation study

Subject preservation is one dimension of a larger video-generation task. VBench explicitly motivates
separating evaluation dimensions (Huang et al., 2023), and the visual literature offers structural (Wang et
al., 2004), perceptual (Zhang et al., 2018), and temporal-distribution measurements (Unterthiner et al.,
2018). A study should choose among them according to the claim and available reference information.
When identity, motion, and visual quality move in different directions, the disagreement should be
analyzed rather than automatically resolved by a weighted total. The weighting itself expresses a
preference that may differ across applications. Preserving per-frame and per-clip records allows
alternative interpretations to be evaluated later. It also makes coverage visible when some poses or
occlusions prevent valid scoring. A generator can demonstrate a useful, limited preservation capability
without having established universal reliability across all subjects, durations, and visual conditions.

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.

The unit of provenance should be fine enough to reconstruct an important disagreement. Reusable
identifiers can connect a reported score to its input evidence and the relevant model and evaluator versions
(Wilkinson et al., 2016). Pipeline dependencies should be treated as part of the experiment because
apparently minor changes can alter output eligibility or metric behavior (Sculley et al., 2015). A report
that preserves only aggregate numbers prevents this reconstruction. Keeping per-case results and
documented transformations enables alternative weighting and error analysis without repeating expensive
generation. Such a record also helps identify whether two papers compare the same scientific objects or
merely use similar names for different releases. Versioned evidence makes progress easier to assess across
successive evaluations.

5. Conclusion

Deferral can improve the honesty of identity evaluation when its consequences are reported together with
accepted decisions. The essential records are uncertainty, coverage, processing status, and the evidence
supplied to each assessor. This article offers a study design and reports no new recognition result. A
preservation claim becomes more interpretable when an evaluator can acknowledge that some
observations remain undecidable rather than converting every numerical output into unwarranted
certainty.
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