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Prompt Style and Adjusted Quality Judgments in AGIQA-3K

Abstract
Baroque and realistic style labels have higher adjusted quality means than the abstract-style reference
category in a secondary analysis of AGIQA-3K. The estimated differences are 0.194 and 0.209 score units
after accounting for alignment, generation condition, and recorded adjective count. These are associations
in 2,982 released score rows, with uncertainty clustered over 300 prompts. They do not show that
changing style causes a quality gain. The findings motivate separating semantic and perceptual evidence
when interpreting generated-image quality assessments.

1. A style label can describe several correlated properties
Style instructions can change the intended appearance of an image and the expectations under which its
quality is judged. A difference in mean quality across labels may therefore combine content, generation
conditions, and evaluation conventions. This study examines the released AGIQA-3K score table rather
than image pixels. Its question is whether recorded style categories remain associated with quality after a
small set of available score and condition variables are included in a conventional linear regression.

The two-stream assessment proposed in Decoupling Semantics from Distortions motivates keeping
semantic correspondence and visual quality conceptually distinct (Meng, 2026). Its multiscale
visual-language architecture is not reproduced here. Instead, human alignment means enter a score-based
descriptive model. This is a narrower empirical contribution: it asks how quality judgments vary within a
documented table, without claiming that the fitted style coefficients reveal the behavior or comparative
accuracy of the focal image-quality model.

Before fitting a score model, an analyst should reconstruct the table's observation process. AGIQA-3K
provides human-assessment information for generated images (Li et al., 2023), but a released mean score
is not a new independent measurement each time it is reused in another specification. Provenance and
intended-use documentation help define the scientific role of those rows (Gebru et al., 2021).
Reproducible software choices matter for grouping, preprocessing, and validation (Pedregosa et al.,
2011). A score-only analysis should therefore state that it processes the published judgments rather than
the underlying visual files. It should preserve prompt and condition identifiers, distinguish absent
combinations from missing values within present rows, and describe how any derived categories were
obtained. These records permit another reader to reconstruct the comparison and its denominator. They
also prevent familiar benchmark terminology from implying stronger access than the study has. An
association among aggregate human scores remains useful evidence about the released table even when
participant-level uncertainty, image features, and new generation outcomes are unavailable for a broader
interpretation.

The representation used for scoring can influence which differences are visible. CLIP's
language-supervised features (Radford et al., 2021) emphasize a particular connection between text and
imagery. Multiscale quality modeling in MUSIQ (Ke et al., 2021), aesthetic learning in NIMA (Talebi and
Milanfar, 2017), and natural-scene-statistics modeling in NIQE (Mittal et al., 2013) address other aspects
of visual assessment. Each provides an example of why the term quality needs a scientific definition. A
favorable semantic score does not establish freedom from perceptual distortion, and a favorable
perceptual score does not establish that a detailed instruction was followed. For generated imagery, both
dimensions can be relevant at once. The analysis should state whether its outcome concerns human
judgments, an automated prediction, or a task-specific decision. Correlations across those objects can
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support a useful measurement study, but their meaning depends on the observation population and
evaluation procedure. Without obtaining a model's outputs, a released-score analysis should remain about
the available judgments rather than implying a reproduction or validation of the model itself.

2. Data construction and adjusted contrasts
The analysis uses all 2,982 released image rows and their 300 prompt identifiers. Generation condition is
derived from the source filename by removing its final image index. There are ten such condition labels.
Empty style fields are represented by an unspecified category. The adjective-count covariate counts
nonmissing entries in the two released adjective fields; it is not a natural-language estimate of all
descriptive content in a prompt. No new images, ratings, or text annotations are collected.

Ordinary least squares relates mean quality to style indicators, condition indicators, mean alignment, and
the recorded adjective count. Abstract style is the reference category. Standard errors are clustered by
prompt, with the saved confidence intervals using the fitted cluster procedure and a t reference. This
accounts for a declared source of within-prompt dependence. It does not remove unmeasured content
differences or make the style labels randomly assigned. The model also does not include a separate fixed
effect for every prompt.

Unadjusted mean quality is 2.332 for abstract style, 2.442 for anime, 2.631 for baroque, 2.569 for realistic,
2.490 for sci-fi, and 2.507 for unspecified style. The category counts range from 277 to 280 for the
specified labels, while unspecified style has 1,587 rows. Those unequal counts matter to the table's overall
composition. A pooled score average therefore represents the observed mixture rather than equal
representation of the six recorded categories.

Replication has several levels: a second measurement, a second trajectory, and a second independently
acquired setting are different additions to evidence. Statistical calculations should retain those
distinctions. Heteroskedasticity-robust regression inference concerns unequal conditional variances
(White, 1980); cluster-robust inference concerns dependencies shared within groups (Cameron and
Miller, 2015). The group definition should be justified through the data collection and evaluation process,
and not chosen because it produces a preferred significance result. Unequal group sizes also influence
what a pooled average represents. Reporting both the group count and observation count permits a reader
to see whether the calculation describes common cases, heavily recorded cases, or an explicitly balanced
group population. No variance estimator alone resolves that choice of estimand.

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.

Transfer across image populations requires evidence rather than a familiar metric name. KonIQ-10k's
in-the-wild setting (Hosu et al., 2019) differs from the controlled distortion emphasis of KADID-10k (Lin
et al., 2019). Structural similarity (Wang et al., 2004) and LPIPS (Zhang et al., 2018) assess particular
forms of pairwise correspondence, while FID (Heusel et al., 2017) summarizes a feature-distribution
comparison. Their differing inputs and units make them complementary tools, not alternative spellings of
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the same outcome. For generated images, reference availability and semantic intent add further
constraints. A reference-based resemblance can be high even when a requested change is absent, and a
distributional score need not identify which individual images fail an instruction. The assessment should
therefore connect each instrument to a declared claim. Secondary analysis of human score metadata can
inform that design, but it does not supply missing images, features, or predictions. The bounded empirical
result remains the association observed in the released judgments, with any proposed metric evaluation
clearly identified as future work.

3. What remains after the available adjustment
The adjusted baroque contrast is 0.194, with a 95 percent interval from 0.068 to 0.320. The realistic
contrast is 0.209, with an interval from 0.088 to 0.330. Anime has an estimated contrast of 0.061 and an
interval spanning zero, from -0.060 to 0.181. Sci-fi and unspecified style have positive estimated contrasts
of 0.134 and 0.139. The regression's reported coefficient of determination is 0.760, describing fit to the
observed rows rather than held-out predictive performance.

These coefficients should not become a recommendation to change every prompt to a particular style.
Alignment is itself an assessed outcome and may share determinants with quality. Conditioning on it
defines a partial association rather than isolating an intervention. The table also provides limited
information about generation settings beyond its labels. The comparison cannot establish whether a
difference arises from a style instruction, its associated content, a generation configuration, or a judgment
process that varies with the intended appearance.

A future image-level study could examine matched prompts and independently validate the distinction
between semantic and distortion evidence. That would require actual model predictions and appropriate
assessment splits. The present results instead identify heterogeneity that a quality model's evaluation
should consider. Reporting style-specific performance and uncertain cases could reveal whether an
aggregate advantage is concentrated in familiar categories. The source table supports that motivation, but
it does not supply an unperformed comparison between competing quality architectures or new evidence
about their internal representations.

The protected assessment population should be defined before investigators inspect detailed failures.
Once a collection of cases guides repeated revisions, it has become development information even if its
filenames still carry an evaluation label. Cross-validation for dependent data treats the grouping of
observations as a substantive design decision (Roberts et al., 2017). Research on model selection likewise
shows why tuning and final error estimation should not reuse the same information (Varma and Simon,
2006). A practical record therefore distinguishes fitting data, diagnostic examples, validation data, and the
final external assessment. Where only a fixed public table is available, a descriptive analysis remains
legitimate, but it should not be renamed a held-out prediction experiment without generating and
assessing predictions under a protected split.

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.
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4. Measurement, transfer, and reporting
An image that receives a high quality judgment need not win every user comparison. Pick-a-Pic (Kirstain
et al., 2023) and Human Preference Score (Wu et al., 2023) motivate attention to preference as a distinct
assessed outcome. DINO (Caron et al., 2021) provides self-supervised visual features that can
characterize content under another representation. DreamBooth (Ruiz et al., 2022) and IP-Adapter (Ye et
al., 2023) illustrate how subject or image references can influence the generation task before scoring
begins. These sources help explain why an evaluation should specify both its input evidence and its target
judgment. A method with additional references or adaptation opportunities may solve a different
information problem. Likewise, a predictor of aggregate alignment may require human information
unavailable in a practical no-reference quality system. The report should make such access explicit. A
secondary score-table analysis remains informative when it describes its available outcomes precisely and
reserves statements about preference prediction, subject conditioning, or visual-feature performance for
studies in which those outputs were actually obtained and independently assessed.

A useful reliability claim contains both a performance statement and a scope statement. Selective
prediction shows why a system that answers only some cases must report how many it accepts (Geifman
and El-Yaniv, 2017). Confidence estimation under a changed data distribution requires independent
checking (Ovadia et al., 2019). These requirements apply to generators and to the automated judges used
to assess them. If a judge cannot evaluate a profile, an occluded object, or an unusual interaction, that
inability should remain visible rather than removing the case from the generator's score silently.
Recording the entire decision path permits an analyst to identify whether an apparent improvement came
from better outputs, narrower eligibility, or a more restrictive measurement procedure.

Reproducibility begins with preserving which scientific objects are being linked. Stable identifiers and
reusable metadata help connect inputs, reference observations, model versions, and reported outcomes
(Wilkinson et al., 2016). The scoring pipeline also has dependencies that can change the interpretation of
a result: preprocessing, representation checkpoints, thresholds, and aggregation code can all matter
(Sculley et al., 2015). A compact release should retain those decisions rather than only the final mean.
Where source data cannot be redistributed, an access description and hashes can still identify the analyzed
inputs. This record allows later users to distinguish a change in the underlying system from a change in
how the system was measured. Reproducibility is therefore part of interpretation, not simply a final
packaging step.

5. Conclusion
Recorded style categories are associated with human quality means after the available adjustment, with
positive baroque and realistic contrasts relative to abstract style. The findings are descriptive and depend
on the released score population. Their practical contribution is to motivate style-aware reporting
alongside separate semantic and perceptual endpoints. They establish neither a causal style effect nor a
reproduction of the focal two-stream assessment model, both of which would require additional evidence
beyond the score table.
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