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Abstract

Could an image-quality study label only the mildest and strongest distortion levels? In KADID-10k
metadata, endpoint-only linear curves used 3,250 training scores, compared with 8,125 for curves
observing all five levels. On middle levels from sixteen held-out reference images, their mean absolute
error was 0.484 rather than 0.341. The paired difference was 0.143 score units, with a reference-level
interval of 0.131 to 0.155. Allowing quadratic curvature with the full label set reduced error further to
0.299. This small calibration exercise separates label availability from curve flexibility; it does not
measure the accuracy or cost of a trained visual-quality network.

Exploratory calibration study based on public score metadata. Draft interpretation and publication decisions require
accountable human review.
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Could an image-quality study label only the mildest and strongest distortion levels? In KADID-10k
metadata, endpoint-only linear curves used 3,250 training scores, compared with 8,125 for curves
observing all five levels. On middle levels from sixteen held-out reference images, their mean absolute
error was 0.484 rather than 0.341. The paired difference was 0.143 score units, with a reference-level
interval of 0.131 to 0.155. Allowing quadratic curvature with the full label set reduced error further to
0.299. This small calibration exercise separates label availability from curve flexibility; it does not
measure the accuracy or cost of a trained visual-quality network.

1. A budget question before a model question

Subjective image-quality labels can be expensive to collect. When a distortion has several ordered
severity settings, an appealing shortcut is to rate only its endpoints and interpolate the middle. That
shortcut assumes more than monotonic deterioration. It assumes that a straight line learned at the edges
gives an adequate approximation where the omitted judgments would have occurred. We examine that
assumption with existing scores, using a held-reference design rather than assessing the same images used
to fit each curve.

KADID-10k contains 81 reference images, 25 distortion types, and five severity levels per type (Lin et al.,
2019). Its complete design permits a transparent counterfactual labeling exercise: retain only levels one
and five in the training partition, then evaluate levels two through four on other references. No observers
are newly recruited. No image generator is run. The available labels let us measure the predictive
consequence of a reduced labeling schedule within this specific released benchmark.

The representational separation advocated in Meng, 2026 motivates careful treatment of distortion
information, but our experiment operates at a different layer. It studies how the supervision grid is
sampled, not whether a semantic and distortion encoder improves prediction. The source is an artificially
distorted natural-image database rather than an Al-generated-image quality experiment. A positive finding
about a labeling schedule here would therefore not establish its suitability for generated images or

text-image correspondence.

2. Why endpoints need not describe the interior

A severity index is an ordered construction variable, not a guaranteed interval scale of perceptual damage.
Equal increments in blur, compression, or other distortion settings may produce unequal score changes.
Traditional structural comparison (Wang et al., 2004), natural-scene-statistics approaches (Mittal et al.,
2013), and learned perceptual features (Zhang et al., 2018) all offer different representations of visible
degradation. Their differences make linearity in an administrative severity label a substantive
approximation to check, rather than a property to assume.

Modern predictors such as Talebi and Milanfar, 2017, Ke et al., 2021, and Yang et al., 2022 can represent
complex visual information. Greater predictive flexibility does not automatically repair a training set that
omits informative regions of the response curve. Language-assisted quality assessment (Wang et al.,



2022) and the joint treatment of structure and texture in Ding et al., 2020 likewise concern useful
representations, whereas our budget intervention determines which response labels are supplied. These
design choices can interact, but the present experiment separates them deliberately.

Authentic distortions in KonlQ-10k (Hosu et al., 2019) provide an important boundary to this exercise.
They generally do not arrive with five controlled levels of one distortion applied to the same reference.
Our endpoint schedule is therefore an artificial-grid strategy, not a universal plan for natural-image
sampling. An investigator working with authentic mixtures would first need a meaningful ordering
variable and a rationale for treating its extremes as coverage of the middle.

3. Two propositions with different comparisons

The primary proposition asks whether endpoint-only linear calibration has higher held-reference mean
absolute error than full-level linear calibration. Both models use one separate intercept and slope for each
distortion type. Their only intended difference is which training labels are available. This comparison
estimates the consequence of the label schedule conditional on the chosen linear form. It does not

combine an increase in sample information with an increase in model complexity.

The second proposition compares full-level quadratic calibration with full-level linear calibration. Here
the labels are held constant while a distortion-specific squared severity term is added. This contrast
examines whether curvature helps describe middle-level scores on unseen references. We keep its
interpretation separate from the budget comparison. If both contrasts favor the richer option, the result still
does not identify a globally optimal number of labels, a best neural architecture, or a universally suitable
polynomial degree.
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Figure 1. A fixed reference split feeds two comparisons: endpoint versus full-level labels under a linear curve, and
quadratic versus linear curves under full labels. Both end at middle-level error on held-out references.



4. Metadata, scale, and partition

The acquired maintainer CSV has 10,125 unique reference-distortion-level cells. We decode the three
identifiers from its filenames and verify the full 81 by 25 by five structure. References with identifiers one
through sixty-five form training data. Identifiers sixty-six through eighty-one form the holdout. This is a
deterministic identifier partition. It prevents direct reference reuse between fitted and evaluated curves,
but it is neither a random sample of future images nor a temporal deployment simulation.

The official source describes the DMOS range as one to five, with higher values indicating better visual
quality. That direction matters: the acronym alone is insufficient to infer whether a larger value means
more damage. The public mirror also calls one field std, although its processing document copies the
original variance entry into that field. We do not use it for weighting, divide it by a guessed observer
count, or present it as a standard error.

Endpoint training contains 65 times 25 times two, or 3,250 scores. Full-level training contains 8,125
scores. The reduced schedule therefore retains forty percent of the score cells. This fraction measures
label availability in the constructed exercise. It is not a measured reduction in financial cost, annotation
time, energy use, or computing time. Missing-score reasoning in Little and Rubin, 2002 and measurement
cautions in Carroll et al., 2006 support making that distinction explicit.

Evaluation uses only the three interior severity levels of the sixteen held-out references, yielding 1,200
cells. No endpoint score from these references is used in fitting. Each reference contributes seventy-five
evaluated cells, so averaging cell absolute errors within reference and then across references produces
equal reference weights. We do not select a different holdout partition after inspecting the outcome, and
we do not tune a polynomial degree on its errors.

5. Estimation and uncertainty

For each distortion, ordinary least squares fits either a line in severity centered at level three or a line plus
its squared centered term. The equivalent pooled specification contains distortion indicators and their
interactions with the relevant severity terms. Reference intercepts are omitted because the intended
prediction concerns unseen references. Adding their fitted effects and transferring them by position would
create information unavailable for the holdout content.

The comparison follows the general warning about model-selection bias in Varma and Simon, 2006 and
the structured-validation arguments of Roberts et al., 2017. A label-level random split would allow the
same reference content into training and evaluation. Our split removes that direct overlap while retaining
a common distortion taxonomy. It still conditions on the benchmark's image collection, and it does not
reproduce the uncertainty of collecting a new training set or a new observer panel.

Each primary statistical model is an intercept-only regression on sixteen paired reference-level error
differences. Ordinary t intervals use fifteen degrees of freedom. The standard error is the
between-reference standard deviation of paired differences divided by the square root of sixteen. These
intervals assume the reference differences adequately represent independent units. Biithlmann, 2002
discusses dependence-aware resampling in other settings; we do not add a bootstrap here or claim that
such a procedure would repair content-selection limitations.

Absolute error is reported in the supplied score units. Forecast-error discussions in Hyndman and Koehler,
2006 and predictive-comparison work by West, 1996 emphasize that the loss function defines what
advantage means. Gneiting and Raftery, 2007 provides a broader framework for aligning evaluation with



the stated target. Our target is a mean subjective score, and our descriptive loss is absolute deviation from
its released value. Observer-level probabilistic prediction is outside this analysis.

Table 1. Equal-reference differences in held-out middle-level mean absolute error. Negative curvature change favors
the quadratic curve; positive budget penalty favors full-level linear calibration.

Model Term Estimate (SE) 95% CI N
M1 Mean contrast 0.1428 (0.0057) [0.1307, 0.1550] 16
MI: fit R-squared = 0.0000 - - 16
M2 Mean contrast -0.0421 (0.0052) [-0.0531, -0.0311] 16
M2: fit R-squared = 0.0000 - - 16

Model labels: M1 = Endpoint minus full-level linear MAE; M2 = Full-level quadratic minus linear MAE.

6. Results from the retained score grid

Endpoint-only linear calibration has held-out mean absolute error 0.4839. Full-level linear calibration has
error 0.3410. Their paired difference is 0.1428, with standard error 0.0057 and interval 0.1307 to 0.1550.
The label reduction therefore comes with a clear error penalty across these sixteen references. Because the
linear form is held fixed, this difference cannot be attributed simply to fitting a higher-order polynomial in
the full-label condition.

Using the full labels with quadratic curves lowers mean absolute error to 0.2990. Its difference from the
full-level line is -0.0421, with standard error 0.0052 and interval -0.0531 to -0.0311. Thus curvature
explains part of the remaining calibration mismatch. The result does not show that a quadratic curve is the
true perceptual law. It shows that this particular additional term improves the selected holdout loss
relative to the prespecified line.

Training R-squared values are 0.9341 for endpoint lines, 0.8292 for full-level lines, and 0.8736 for
full-level quadratics. The endpoint model's larger training fit is especially instructive. Its training response
omits the difficult interior region, so that number does not imply better calibration. The held-out
middle-level errors provide the relevant comparison. No prediction fell outside the official one-to-five
score range, and none required outcome-dependent clipping.

The mean-difference regressions have R-squared zero, as expected for intercept-only models. This
statistic is included for completeness rather than as a measure of calibration quality. Calibration
diagnostics for probabilistic neural predictions in Guo et al., 2017 concern another object; here the useful
diagnostics are the held-reference loss, the separation of training budgets, and the provenance of the
response scale. Reporting these objects together prevents a large training fit from substituting for the
actual research question.

7. Limits of a low-cost surrogate

We use classical least squares, not a robustly fitted curve. White, 1980 addresses covariance under
heteroskedasticity, while Huber, 1964, Hampel, 1974, and Rousseeuw, 1984 develop different approaches
to limiting observation influence. Those alternatives could be valuable if the objective were resistance to
unusual rating cells. Introducing them now would change the estimator as well as the label schedule. Our
narrow comparison instead preserves a common ordinary fit and reports the resulting prediction error
transparently.



Influence diagnostics following Cook, 1977 could locate which held references contribute most to the
penalty, but selecting a favorable subset would change the target population. Likewise, one could vary
training size, severity locations, or distortion categories. Such extensions should be specified as a new
design, with their own heldout strategy. We do not interpret the present sixteen-reference interval as
protection against all choices an analyst could have made after seeing the data.

The statistical-significance guidance of Wasserstein and Lazar, 2016 discourages replacing these design
judgments with a single probability threshold. Benjamini and Hochberg, 1995 and Benjamini and
Yekutieli, 2001 describe multiplicity control for broader testing families; the two reported contrasts are
exploratory, and their unadjusted intervals are labeled accordingly. Their consistent direction is evidence
about this executed comparison, not a confirmatory guarantee that endpoint annotation will fail in every
quality-assessment application.

8. Reusable evidence from a small experiment

There is a geometric reason to distinguish the two comparisons. A line fitted only at the endpoints is
anchored by extreme response regions. A line fitted to all five levels also minimizes residuals in the
middle, where our evaluation occurs. Its advantage may therefore reflect a better compromise for the
chosen test region even if the underlying response is not exactly quadratic. Adding curvature addresses a
separate approximation problem. These explanations are compatible and should not be compressed into a
statement that more parameters alone solved the labeling problem.

The holdout is deliberately restricted to middle levels, so the reported losses should not be advertised as
average error over the entire severity range. A deployment population dominated by nearly pristine
images could weight the comparison differently. Likewise, a budget policy that retains endpoints plus one
interior level might offer another tradeoff. Neither alternative is evaluated here. The processed table
makes the retained levels explicit so that later analyses can distinguish a new target distribution from a
replication of this one.

The sixteen reference units are also a modest basis for broad generalization. Their confidence interval can
be numerically narrow when the paired penalties are similar, yet that similarity says little about image
categories absent from the source. More reference images and a genuinely separate collection would
provide a stronger test of the annotation policy. The current experiment is most useful as evidence that
endpoint interpolation deserves validation, rather than as a final estimate of how much any annotation
program should spend.

The archived material retains the source CSV, decoded identifiers, fitted specifications, reference-level
losses, and all holdout predictions. Following Gebru et al., 2021 and Wilkinson et al., 2016, the record
distinguishes the creator's dataset from the maintainer's metadata mirror and preserves the source-field
caveat. Only public score metadata were required. No claim is made to have downloaded or inspected all
associated image pixels, reconstructed individual ratings, or trained a visual representation.

The practical finding is specific: for these held references and distortion levels, endpoint supervision is an
inaccurate substitute for observing the interior of the score curve. Full-level labels improve prediction
even with a fixed linear form, and a separate curvature term adds a smaller further gain. An annotation
team could use this result to justify a pilot that preserves some interior levels before committing to an
endpoint-only schedule, while recognizing that new imagery and rating procedures require their own
evidence.
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