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Abstract

LFW's 6,000 verification pairs use 7,701 distinct photographs. Of those photographs, 3,217 appear in
multiple pairs and account for 62.63 percent of all pair-side appearances. Most are reused only twice, but
two appear six times. This descriptive audit distinguishes the number of images from their comparison
exposure. It does not estimate recognition errors or invalidate the prescribed identity-disjoint folds. The
findings motivate preserving reference and output links in subject-preserving video evaluation, where
many scored frames or comparisons can share the same small set of source observations.

1. Comparisons reuse their ingredients

A pairwise evaluation can create many observations from a smaller collection of images. That is often
intentional and can make a protocol efficient. It also means the number of pair rows is not a count of
independent photographs. If an image is unusually easy, difficult, or poorly acquired, its properties can
influence several comparisons. The appropriate interpretation depends on how those comparisons were
constructed and what outcome is later measured.

ARGUS organizes identity references into a structured multi-view input for video generation (Meng et al.,
2026b). Its use of multiple observations makes reference reuse a relevant design issue, without implying
that repetition is inherently undesirable. This article does not test its mosaic or generated outputs. It
examines exposure in the public LFW pair list as a concrete, reproducible example of the distinction
between a reference object and the comparisons that use it. The resulting counts describe protocol
structure rather than image content or identity fidelity.

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.

An identity score is produced by a measurement system with its own training and assumptions. FaceNet
(Schroff et al., 2015), ArcFace (Deng et al., 2018), and CosFace (Wang et al., 2018) offer influential
approaches to discriminative face representation. Their outputs should be interpreted in relation to the
images and decisions on which they are assessed. VGGFace2 broadens variation within subject
observations (Cao et al., 2017), MegaFace makes large distractor populations important
(Kemelmacher-Shlizerman et al., 2015), and FairFace addresses imbalance across annotated demographic
categories (Kérkkdinen and Joo, 2019). These are complementary evaluation concerns. A generated-video
study should not compress them into an unexplained claim that a face benchmark is difficult. It should
specify whether difficulty comes from viewpoint, acquisition, distractors, subject population, or the
representation itself. Demographic conclusions require appropriate annotations and cannot be inferred
merely from identity frequencies or from a generic face-similarity score. A metric's usefulness for one
purpose remains an empirical question for another.



2. A degree count for every image key

Each image is identified by combining its identity label and its within-identity image index. Using the
numeric index alone would merge unrelated photographs. The ten-fold file contains 6,000 pairs, yielding
12,000 pair-side appearances. Counting appearances for each complete image key gives 7,701 distinct
images. No image data are downloaded, and the analysis does not construct embeddings or inspect
whether a photograph is visually distinctive.

The exposure distribution is as follows: 4,484 images appear once, 2,352 twice, 680 three times, 155 four
times, twenty-eight five times, and two six times. The counts sum to 7,701 distinct photographs;
weighting each category by its exposure sums to 12,000 appearances. This arithmetic check helps keep
the denominators explicit. The 3,217 reused images comprise about 41.8 percent of the distinct images but
contribute 62.63 percent of pair-side appearances. Those percentages differ because one describes objects
and the other describes exposure.

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.

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 DINQO'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.



3. Reuse is not the same as cross-fold leakage

The prescribed LFW fold organization separates image and identity sets across folds in the analyzed file.
The observed image reuse occurs within folds. It therefore raises a dependence and weighting question
rather than demonstrating that the official assessment boundary leaks images. Repartitioning pair rows
could create a different problem, but that is not a property inferred from reuse alone. A sound report
should keep these diagnoses separate.

The counts also do not establish a numerical error dependence. A difficult image may produce correlated
errors in several pairs, but the direction and magnitude depend on the evaluated system and its comparison
partners. There are no classifier outputs in this audit. Calling the exposure count an effective accuracy
sample size would therefore overstate what has been calculated. It is a descriptive map of shared
ingredients that a later performance analysis can use to choose and justify its uncertainty model.

For subject-preserving video, analogous links can connect a reference image to several mosaics, a subject
to many clips, or a clip to many scored frames. A benchmark that retains only one flattened score per
comparison may conceal this structure. A better record would identify each source observation and every
generated object that uses it. An investigator could then distinguish broad coverage of new subjects from
repeated assessments of a familiar reference collection.

Reuse can also be scientifically useful. Comparing the same reference under several controlled output
conditions helps isolate how the conditioning process responds to a change. The important requirement is
to record what is shared and what varies. A repeated reference should not be counted as a new
independent subject, while a carefully paired comparison should not be discarded merely because it uses
the same image. The research question determines whether shared evidence is an advantage, a dependence
to model, or a limitation in coverage.

An evaluation protocol should state what remains unfamiliar at assessment time. Leaving out an
observation while retaining its close relatives can test interpolation rather than the broader transfer
suggested by the study's wording. Validation methods for structured data emphasize matching the split to
temporal, spatial, or hierarchical dependence (Roberts et al., 2017). Separately, parameter selection can
bias an evaluation if the same observations guide both choices and reporting (Varma and Simon, 2006).
These issues are not solved by calling a split a test set. The record should identify shared sources, the
information accessible during development, and the stage at which each design choice was fixed. A result
can be informative within a narrow boundary while providing no direct evidence about a more distant
deployment population.

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. Connecting an identity claim to its observations

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.

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.

An evaluation remains comparable only if its inputs and transformations can be identified. The FAIR
principles emphasize persistent identification and reusable scientific metadata (Wilkinson et al., 2016).
Work on machine-learning technical debt highlights how dependencies and hidden couplings accumulate
in a pipeline (Sculley et al., 2015). In this setting, a score should be linked to the exact references,
generation settings, evaluator version, and aggregation rule that produced it. A replacement checkpoint or
a revised eligibility filter may change the scientific question even when the output column keeps the same
name. Preserving such changes in a release record permits later comparisons to be interpreted honestly.
The objective is not maximum documentation volume, but a recoverable account of the decisions that
affect the result.

5. Conclusion

Image exposure in the public LFW protocol is concentrated enough that reused photographs account for
most pair-side appearances. This fact is compatible with the protocol's clean separation across folds. It
identifies a structure to preserve, not a recognition failure to assume. Subject-generation evaluations can
apply the same distinction by linking references, subjects, clips, and frames explicitly. The resulting
record makes coverage and dependence assessable before a large comparison count is interpreted as a
large amount of independent identity evidence.
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