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Rating Dispersion and the Difficulty of Predicting Image
Quality

Abstract
Images with higher mean quality do not necessarily have more consistent ratings in the released
AGIQA-3K table. Across 2,982 rows, the mean quality score and its reported rating standard deviation
have a correlation of 0.083. A regression adjusted for alignment and generation condition yields a quality
coefficient of -0.012, with a 95 percent interval spanning zero. This secondary analysis examines
aggregate rating dispersion, not prediction errors from an image model. It shows why apparent rating
difficulty should not be inferred from a mean score alone.

1. A mean hides disagreement among judgments
Two images can receive the same average quality score with very different spreads of ratings. That
distinction matters when a model is assessed against aggregate human judgments. A large prediction
residual might reflect a poor predictor, an ambiguous target, or several other features of the assessment
process. Dispersion does not settle among these explanations, but it supplies additional descriptive
information. The present study asks how the released rating spread relates to mean quality and alignment
within a public score table.

Decoupling Semantics from Distortions proposes a multiscale two-stream visual-language assessment
approach (Meng, 2026). Its separation of evidence motivates attention to how a human target is defined
and how stable it appears. The present analysis does not run that model or assess its prediction difficulty.
It analyzes published mean scores and standard deviations. The distinction is essential: a relationship
involving rating spread cannot be narrated as an observed relationship involving model residuals that were
never computed.

The choice of statistical unit should precede the choice of a standard error. A dataset can contain many
rows but relatively few independently acquired histories. Heteroskedasticity-consistent covariance
protects an otherwise specified regression against unequal residual variances (White, 1980). It does not
automatically accommodate observations sharing an environment, subject, or recording. Cluster-robust
inference makes that dependence part of the variance calculation (Cameron and Miller, 2015). The
grouping must follow the observation process and the claim being made; an identifier that is convenient to
store is not necessarily the relevant independent unit. For a descriptive analysis, preserving the groups
also allows readers to recalculate a different population average. An uncertainty interval remains
conditional on the observations and assumptions actually available.

The observational units in a generated-image score table include prompts, conditions, and individual
images. AGIQA-3K makes those distinctions relevant to secondary analysis (Li et al., 2023). Several rows
can share a prompt without constituting repeated draws from every underlying generation process. A
careful study should identify what was actually released and avoid inferring an unobserved sampling
design. Datasheets motivate preserving the purpose, provenance, and limitations of the collection (Gebru
et al., 2021). Documented software procedures make variable construction and assessment splits easier to
reproduce (Pedregosa et al., 2011). These practices are especially useful when only scores and metadata
are processed. Such a study can establish associations and coverage properties of the published table
while leaving image-level mechanisms untested. Its results should name the outcome scale and weighting
population, retain incomplete combinations, and distinguish descriptive labels from known experimental
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controls. The absence of image processing is not a defect if the question concerns the score record; it
simply defines which conclusions the evidence can support.

2. Released aggregates and the fitted specification
The input contains 2,982 image rows associated with 300 prompts and ten generation-condition labels.
The analysis uses the released quality mean, alignment mean, quality-rating standard deviation, and
alignment-rating standard deviation. Condition labels are derived consistently from source filenames. All
calculations operate on the public score record. Individual participant responses are unavailable in this
analysis, and no new ratings are collected. Consequently, the study cannot reconstruct rater-specific
behavior or estimate each mean's sampling variance from the standard deviation alone.

The first calculation describes the average reported spread and the correlation between quality mean and
quality spread. A conventional ordinary least squares model then relates quality-rating standard deviation
to quality mean, alignment mean, and condition indicators. Inference uses prompt-clustered standard
errors with the saved t-based intervals. The coefficients are partial associations in the observed table. They
do not identify why raters disagree or establish a causal effect of changing perceived quality on response
dispersion.

Mean reported quality spread is 0.600, while mean alignment spread is 0.741. These quantities refer to
different judgment dimensions and should not automatically be interpreted as a contest in reliability. The
score scales, task instructions, and rater process matter to that comparison. The quality mean has a
Pearson correlation of 0.083 with quality spread. This weak pooled relationship already suggests that high
or low mean quality does not provide a simple ranking of rating disagreement across the released rows.

A proposed explanation should be distinguishable from alternative explanations using observations the
study can actually collect. Diagramming the relationships among selection, exposure, measurement, and
outcome makes that requirement explicit (Greenland et al., 1999). The diagram does not establish its own
correctness, but it prevents adjustment choices from remaining invisible. The same transparency is needed
when investigators inspect many endpoints before choosing a narrative. Controlling false discovery
concerns the behavior of a specified testing family (Benjamini and Hochberg, 1995); it is not a general
certificate of scientific validity. Primary endpoints, secondary descriptions, and future mechanism tests
should be named separately. Readers can then assess whether an attractive pattern was predicted,
explored, or merely noticed after the available comparisons were examined.

Visual-language alignment and image quality have related but distinguishable measurement foundations.
CLIP connects images and text through language-supervised representation learning (Radford et al.,
2021). Its similarities can inform an assessment, but they do not automatically define perceptual quality or
an application's complete notion of semantic correctness. MUSIQ develops a multiscale image-quality
approach (Ke et al., 2021), NIMA studies learned aesthetic assessment (Talebi and Milanfar, 2017), and
NIQE offers a natural-scene-statistics-based quality measure (Mittal et al., 2013). These methods illustrate
different targets and information assumptions rather than interchangeable instruments. A generated image
can look convincing while missing the instruction, or satisfy a prompt while containing visible artifacts.
The evaluation should retain those possibilities instead of treating every score as a noisy observation of
one universal quality. In a secondary analysis of released human judgments, relationships between quality
and alignment describe those judgments. They do not establish how one of these automated instruments
would perform unless its predictions are actually obtained and assessed under a suitable independent
protocol.
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3. Adjustment does not turn dispersion into a mechanism
In the adjusted regression, the quality-mean coefficient is -0.012, with a 95 percent interval from -0.030 to
0.005. The alignment-mean coefficient is 0.009, with an interval from -0.007 to 0.025. Both intervals
include zero under this specification. The reported coefficient of determination is 0.029. The model
therefore leaves most observed variation in the aggregate quality spread undescribed by these particular
covariates; that is a statement about this fit, not proof that the remaining variation is inherently
unpredictable.

Rating spread is also different from uncertainty about the population mean. Converting a standard
deviation into a standard error would require the relevant rating count and assumptions about dependence
and sampling. The present table analysis does not invent those inputs. Nor does a large spread necessarily
indicate annotation failure: observers may apply different legitimate preferences to an image. Establishing
the cause would need participant-level evidence, a revised task, or a specifically designed follow-up
assessment rather than interpretation of aggregate dispersion alone.

For future quality-model evaluation, the practical implication is to retain both the target mean and the
documented information about its spread. A study could test whether model errors vary with dispersion
after obtaining independent predictions and defining its assessment split. That experiment has not been
performed here. The present result supports a more limited conclusion: the released mean score is an
incomplete description of the judgment target, and a simple monotonic relationship between quality level
and rating agreement should not be assumed from these data.

Established quality datasets and metrics remind the analyst that observation populations differ.
KonIQ-10k studies quality in a large in-the-wild image collection (Hosu et al., 2019), while KADID-10k
supports assessment of declared image distortions (Lin et al., 2019). These are not automatically the same
population as generated imagery. Structural similarity (Wang et al., 2004) and learned perceptual
similarity (Zhang et al., 2018) also require an appropriate interpretation of the compared images. FID
instead compares distributions in a learned representation (Heusel et al., 2017). None of these objects is
interchangeable with an individual human alignment judgment. A study should state which references or
populations a metric needs and whether those inputs exist in the experiment. Distributional quality cannot
be inferred solely from one image's mean score, and a high pairwise resemblance can reward repetition
rather than successful instruction execution. The relevant lesson for a score-only analysis is to keep its
outcome boundary precise. It can describe published judgments and propose a future metric comparison
without reporting that the comparison has already been performed.

A validation split defines which form of transfer has been observed. Related observations can share
subjects, scenes, prompts, or acquisition conditions, so randomly splitting rows may leave important
information on both sides of the boundary. Structured cross-validation addresses these dependencies
(Roberts et al., 2017). Model selection introduces another boundary: choosing a representation, threshold,
or tuning parameter using the final assessment data makes the resulting error estimate optimistic (Varma
and Simon, 2006). The appropriate held-out unit follows the intended future use. Generalization to a new
frame, a new trajectory, and a new subject are not equivalent claims. A study should record those units
before fitting or choosing a scoring rule, and preserve an assessment set that has not become part of
iterative development.

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
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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.

4. Measurement, transfer, and reporting
Preference-based evidence can complement quality and alignment scores without replacing their
definitions. Pick-a-Pic records comparative choices (Kirstain et al., 2023), while Human Preference Score
studies a preference-oriented measurement route (Wu et al., 2023). DINO's self-supervised features
(Caron et al., 2021) offer another representation of visual content. Subject-conditioning approaches
including DreamBooth (Ruiz et al., 2022) and IP-Adapter (Ye et al., 2023) show that generation can also
differ in the external evidence it receives. A fair assessment should retain those differences in the
experiment record. One workflow's advantage can arise partly from richer information, and one score's
usefulness can depend on access to judgments that another task lacks. The analysis should therefore state
what is observed at prediction or assessment time, not merely the names of the models discussed. In a
released-score study, no new preference or conditioning performance follows from those citations. The
direct evidence remains the published human outcomes and the explicitly computed relationships among
them, with additional validation treated as a separate empirical undertaking.

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.

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
Quality-rating dispersion has little pooled association with mean quality in the released table, and the
adjusted coefficients remain uncertain under the chosen specification. This score-based finding does not
measure model error or explain rater disagreement. It motivates keeping target spread visible in future
evaluation and obtaining the additional observations needed before uncertainty, annotation difficulty, and
automated prediction difficulty are treated as equivalent properties of the same generated image.
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