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Abstract

Should images with greater pilot disagreement receive more ratings? In a fixed sample of 4,000 AVA
histograms, an eight-vote pilot guided allocation of 48,000 additional retained judgments. Its exact
conditional mean squared error was 0.1554, versus 0.1411 for twelve additional judgments per image. An
allocation allowed to inspect the remaining vote distributions achieved 0.1379. The small pilot therefore
harmed this budget rule despite modest available headroom. These results concern estimating captured
finite-record means, rather than recruiting future raters or evaluating an automated quality model.

Exploratory finite-record study. Simulated retention of existing judgments, without new annotators, measured annotation
costs, or a completed publication review.
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measured annotation costs, or a completed publication review.

Abstract

Should images with greater pilot disagreement receive more ratings? In a fixed sample of 4,000 AVA
histograms, an eight-vote pilot guided allocation of 48,000 additional retained judgments. Its exact
conditional mean squared error was 0.1554, versus 0.1411 for twelve additional judgments per image. An
allocation allowed to inspect the remaining vote distributions achieved 0.1379. The small pilot therefore
harmed this budget rule despite modest available headroom. These results concern estimating captured
finite-record means, rather than recruiting future raters or evaluating an automated quality model.

1. Unequal difficulty does not guarantee useful unequal allocation

Annotation budgets are often distributed evenly because equal counts are easy to explain and administer.
A natural alternative is to spend more on images whose initial ratings disagree. If some images genuinely
have larger rating variance, they can contribute more estimation error at the same sample count. However,
a short pilot measures that variance imprecisely. A rule that adapts aggressively to the pilot can move
budget toward noisy estimates of difficulty rather than toward the images that would benefit most.

The research question asks whether pilot-estimated disagreement improves allocation across images when
the total retained-judgment budget is held fixed. We use the public AVA aesthetic vote histograms
Murray et al., 2012 to calculate a finite-record answer. The study is not a new annotation campaign.
Existing histograms supply the actual distribution of released vote values; uniform random retention from
those finite multisets creates an explicitly simulated budget problem. The target is each image's captured
full-record mean, which is known for evaluation.

Meng, 2026 distinguishes semantics and distortions in generated-image quality assessment through a
two-stream vision-language framework. That distinction motivates keeping the reference-label
construction visible when evaluating an image-assessment method. We do not apply the framework to
AVA or treat aesthetic disagreement as a technical-distortion label. The present contribution concerns the
reliability of an upstream budget allocation rule. A downstream quality model would inherit the resulting
label estimates, but its performance is outside the executed experiment.

The analytical proposition is conditional: allocating according to useful variance information may reduce
mean-estimation error, while allocating according to a noisy pilot may fail to realize that advantage.
Classical sampling work Neyman, 1934 motivates distinguishing equal allocation from variance-guided
allocation. Our numerical rule includes bounds and integer rounding, so it is not presented as an exact
implementation of an unconstrained optimal theorem. We compare its actual calculated consequences,
including an information-rich reference that would be unavailable during genuine annotation.



2. What disagreement and the target mean represent

AVA records counts in ten ordered rating categories. We treat those bins as the numerical values one
through ten and define an image's full-record mean from all its captured votes. This choice makes squared
estimation error calculable, while inheriting the equal-spacing convention of the numerical scale. The
measurement discussion of Stevens, 1946 helps clarify that convention. It does not establish that an
increment from one category to the next has identical psychological meaning for every observer or every
image.

Within-image vote dispersion is also different from inter-rater reliability. Intraclass-correlation
methodology Shrout and Fleiss, 1979 and reporting guidance Koo and Li, 2016 require specifying the
reliability object and data structure. Nominal agreement work Fleiss, 1971 addresses another construction.
We possess aggregate vote histograms, without individual rater identities or the cross-image response
matrix. The pilot sample variance is consequently a numerical disagreement summary. It is not an
estimated reliability coefficient, and the analysis cannot reconstruct whether the same observers
repeatedly gave high or low scores.

Agreement between an estimated mean and a captured full mean is itself a separate question. The
distinction between agreement and correlation emphasized by Bland and Altman, 1986 is relevant because
our objective is not a high rank correlation across images. We minimize average squared error in
estimating numerical means. Scoring and estimation principles Gneiting and Raftery, 2007 make that
target explicit. A policy that improves the overall average can still change which individual images are
estimated well, and a different ranking or decision objective could favor another allocation.

We also distinguish budget allocation from shrinkage. Empirical Bayes estimation Efron and Morris,
1973 suggests using shared information to stabilize uncertain estimates, but our policies do not shrink the
estimated image means toward a common prior. They change how many additional votes are retained for
each image. A future method could regularize pilot variance estimates before allocating, or combine
allocation with mean shrinkage. Those are plausible follow-ups, not procedures silently included in the
current calculations.

3. The finite-record sampling design

The complete AVA metadata file contains 255,528 histograms. After sorting by image name, we restrict
candidate images to the lexicographic second half and require at least one hundred recorded votes. This
creates an eligible evaluation pool of 127,580 images. A generator initialized with seed 20261107 selects
4,000 images uniformly without replacement from that pool. The restriction and seed are recorded. The
resulting cohort is a numerical evaluation sample, not a representative sample of all generated images or
all photographic preferences.

For each selected image, the script draws eight pilot votes without replacement from its ten-bin count
vector using a multivariate hypergeometric draw. The pilot therefore retains 32,000 existing judgments in
total. The unused histogram defines the remaining finite pool. The three allocation policies each receive
48,000 additional votes, giving 80,000 retained judgments including the shared pilot. No additional rater
is contacted, and no wall-clock annotation effort or monetary expenditure is measured by these counts.

Uniform allocation assigns twelve additional votes to every image. Pilot-guided allocation uses the pilot
sample standard deviation, multiplied by the remaining-count-to-full-count ratio, to form allocation
weights. Additional counts are constrained between four and thirty-two per image. A bounded continuous
allocation is scaled to the required total, floored to integers, and completed by largest fractional



remainders with deterministic ties. Every policy is checked to sum to exactly 48,000 additional votes and
to remain within the available histogram counts.

The third policy uses the actual sample standard deviation of each remaining histogram in the same
bounded allocation procedure. It is labeled an oracle-guided reference because it sees information that an
annotator would not know before obtaining those votes. It is not a deployable competitor and is not
claimed to be the exact integer optimum. Its role is to indicate whether the observed collection contains
useful allocation headroom when the weighting information is substantially more informative than an
eight-vote pilot.

Even the pilot policy assumes that the size of each captured finite vote pool is known. That is natural for
retrospective retention from an existing archive, but differs from recruiting an open-ended stream of new
judges. The remaining-count correction and available sample bounds refer to that known pool. An actual
campaign would need to define its intended population of judgments, stopping rule, and estimator before
borrowing this recipe. The experiment therefore supports a comparison of retained-record policies, with
an explicit numerical budget, while leaving the cost and statistical design of future annotation unresolved.

Describe

:[ Bounded integer allocation rules
Four to thirty-two extra per image

4,000 released aesthetic histograms ]
Same eight-vote simulated pilot J

Condition

Summarize

Equal 48,000 additional votes

Uniform / pilot / oracle-reference
Exact conditional estimation MSE

Equal-image contrasts; HC3

Full-record mean estimation, not future-rater reliability; oracle sees unavailable variance; no second-stage sampling or model training.

Figure 1. Shared pilot, equal total retention budgets, and conditional mean-estimation error.

Figure 1 separates the information available to the pilot policy from the remaining-histogram information used only by
the oracle reference and evaluation. All three policies target the same full-record image means and include the same
pilot cost. The figure contains no neural model, generated pixels, or new observer recruitment. Cost-sensitive decision
reasoning Elkan, 2001 would require additional assumptions before converting retained-vote counts into a cost-benefit
recommendation for an actual annotation service.

4. Why the estimator must respect adaptive retention

When allocation depends on a pilot, simply averaging all retained votes can create a subtle problem. The
number of added observations is informative about the pilot outcomes. We instead estimate the full
captured mean by combining the known pilot contribution with an independently sampled estimate of the
remaining pool's total. The remaining-pool sample mean is multiplied by its known pool size, added to the
pilot sum, and divided by the full vote count. Conditional on the pilot, this construction is unbiased for the
captured full-record mean.



For a remaining pool of size R, an additional simple random sample of n votes has mean variance equal to
its finite-population sample variance multiplied by the difference between one divided by n and one
divided by R. The full-record estimator scales that variance by the square of R divided by the original vote
count. We compute this exact conditional mean squared error from each recorded remaining histogram.
No second-stage vote sample is actually drawn, and there is no Monte Carlo error from estimating the
second-stage expectation.

The conditional qualifier matters. The pilot is one realized random draw, and the allocation is then fixed.
Our result does not average over repeated pilots. Nor does the finite-histogram expectation characterize
the behavior of future human raters, whose responses may differ from the captured multiset.
Measurement-error reasoning Carroll et al., 2006 helps distinguish uncertainty in a constructed label from
validity of the underlying rating construct. The known finite target is an evaluation convenience, not proof
that the captured mean is an unbiased universal aesthetic truth.

Two intercept-only OLS models summarize per-image expected-error differences against uniform
allocation. Standard errors use HC3 and normal-reference intervals, within the robust covariance tradition
of White, 1980. Each model has 4,000 image rows, no controls, and no fixed effects. These conventional
intervals summarize hypothetical image heterogeneity conditional on the selected data and pilot. They are
not uncertainty in the exact analytic expectation, repeated-pilot intervals, or observer-cluster inference.
The clustering principles discussed by Cameron and Miller, 2015 do not supply unavailable rater
identifiers.

5. The pilot-guided rule performs worse

Uniform allocation has mean conditional MSE 0.1410928. The pilot-guided policy has 0.1554018,
increasing expected error by 0.0143090, or about 10.1% of the uniform value. Its additional counts range
from four to twenty-nine, with median twelve. Thirty-three images receive the minimum four, and two
images have zero observed pilot variance. These allocation summaries describe the realized policy; they
do not individually identify which low-budget images account for the aggregate increase.

The oracle-guided reference has mean conditional MSE 0.1378812, reducing error by 0.0032116, or about
2.3% relative to uniform. Its additional counts range from seven to twenty-one, also with median twelve.
The direction of these two comparisons is informative. Better variance information can help under the
declared allocation recipe, but the small pilot fails to capture that benefit in this realization. We do not
infer that every adaptive strategy would fail, or that the oracle reference is an attainable annotation policy.

Table 1. Equal-image conditional MSE differences against uniform allocation

Model Term Estimate (SE) 95% CI N

Ml Mean outcome/contrast ~ 0.0143 (0.0010) [0.0123,0.0163] 4000
M1: fit R-squared = 0.0000 - - 4000
M2 Mean outcome/contrast ~ -0.0032 (0.0004) [-0.0040, -0.0025] 4000
M2: fit R-squared = 0.0000 - - 4000

Model labels: M1 = Pilot-guided minus uniform exact conditional MSE; M2 = Oracle-guided reference
minus uniform exact conditional MSE.

Table 1 reports intercept-only OLS means over 4,000 images, HC3 standard errors, and normal-reference intervals.
M1 compares the pilot-guided allocation with uniform; M2 compares the nondeployable oracle-guided reference with
uniform. Each policy has the same eight-vote pilot per image and 48,000 additional retained votes. The outcome is an



exact conditional expected squared error difference in numerical rating units squared. Zero R-squared is a property of
these mean-only summary models.

The pilot-minus-uniform difference has standard error 0.0010021 and interval from 0.0123449 to
0.0162730. The oracle-reference difference has standard error 0.0003782 and interval from negative
0.0039528 to negative 0.0024703. These are pointwise summaries of the two declared comparisons.
Multiple-testing procedures Benjamini and Hochberg, 1995 and Benjamini and Yekutieli, 2001 would
become relevant to a much larger search across allocation recipes; they do not replace designing an
independent evaluation of such a search. No family of unreported pilot sizes or bounds was screened to
select the displayed result.

6. Lessons for label construction

The results are compatible with a simple allocation problem: useful heterogeneity exists, but short-pilot
noise can be larger than the attainable benefit under this budget. A high pilot sample variance directs
additional retention toward an image, while a low estimate can withhold it. Both estimates are based on
only eight values. The oracle comparison indicates modest available headroom for the particular bounded
weighting rule. It does not isolate the error attributable to pilot noise, integer rounding, or the imposed
allocation floor and ceiling.

Modern assessment systems make label construction relevant beyond this numerical example. NIMA
Talebi and Milanfar, 2017, MUSIQ Ke et al., 2021, and MANIQA Yang et al., 2022 represent different
image-quality modeling approaches, while learned perceptual similarity Zhang et al., 2018,
structure-texture similarity Ding et al., 2020, and CLIP-based quality assessment Wang et al., 2022 define
other evaluative constructions. No such model is trained here. An improved estimate of an aesthetic mean
would not automatically improve all these systems or validate their use on technical distortions and
semantic faithfulness.

Preference and quality databases also differ in their targets. Human Preference Score Wu et al., 2023,
Pick-a-Pic Kirstain et al., 2023, AGIQA-3K Li et al., 2023, and KonlQ-10k Hosu et al., 2019 organize
distinct kinds of evaluative evidence. They are context for designing future allocation studies, rather than
extra observations in this experiment. The finite AVA calculation cannot determine how an annotation
budget should be distributed across those resources, especially when rating protocols, image populations,
and intended downstream decisions differ.

The interpretation of statistical evidence should remain proportionate to that scope. Influence diagnostics
Cook, 1977 could identify unusually large per-image differences, but no favorable trimming is performed
here. The contextual guidance of Wasserstein and Lazar, 2016 favors reporting the negative pilot result
and the estimator construction over calling the policy successful because adaptation sounds efficient. A
future study should repeat pilots, consider regularized dispersion estimates, and evaluate its allocation

recipe on images not used to choose its tuning constants. Those extensions remain unexecuted.

7. Reproducible budget accounting

The saved image table contains source identifiers, pilot counts in every category, full vote counts, both
observed variance summaries, integer allocations, and exact expected errors. Source attribution and reuse
conditions accompany the metadata. Dataset documentation Gebru et al., 2021 makes the
simulated-retention interpretation and unavailable observer information explicit, while FAIR stewardship
Wilkinson et al., 2016 supports retaining the identifiers and calculation record. The account distinguishes
a fixed numerical vote budget from actual annotation time or payment.



For this cohort, pilot-guided allocation increased expected mean-estimation error despite equal total
retained judgments. The information-rich reference achieved a smaller improvement in the opposite
direction. The answer is therefore conditional rather than an endorsement of unequal allocation: a
disagreement-based budget rule needs evidence that its pilot estimates are accurate enough to justify
redistribution. The current finite-record experiment supplies one such test and preserves its unfavorable
result.
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