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Abstract

The two released Midjourney condition labels in AGIQA-3K differ strongly in their paired human quality
scores. Across 296 shared prompts, lowstep minus normal averages -1.239 quality units and -0.495
alignment units. Quality decreases in 287 pairs and increases in nine. These are descriptive comparisons
of published rows, not a new intervention on a current generation service. The analysis makes the prompt
pairing and incomplete table support explicit while keeping perceptual quality and instruction alignment
as separate observed outcomes.

1. A condition label defines a bounded comparison

Public benchmark labels can preserve useful distinctions without documenting every operational detail of
the system that produced their images. Their score differences should therefore be interpreted at the level
the release supports. This study compares the recorded midjourney lowstep and midjourney normal rows
in AGIQA-3K. It does not assume that the labels identify every setting in a current implementation, and it
does not infer that repeating the named condition elsewhere would necessarily reproduce the same
numerical difference.

Decoupling Semantics from Distortions motivates separate consideration of semantic alignment and
perceptual quality in generated-image evaluation (Meng, 2026). The present study uses both released
human outcomes rather than merging them into a single success label. It does not run the focal quality
model or compare automated predictors. Its empirical contribution is a transparent paired description,
showing which prompts contribute, how the average differences behave, and what remains unknown
about the generation and rating process behind the source rows.

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.

AGIQA-3K supplies observations of human judgments about generated images (Li et al., 2023). Its
released score table can support a secondary analysis without downloading the images, but that analysis
has a defined information boundary. It does not observe new image features, rerun a quality model, or
recover each participant's response from a mean and standard deviation. Dataset documentation should
connect rows to prompts, generation conditions, collection decisions, and intended use (Gebru et al.,
2021). Reproducible software records also matter when constructing splits or transforming variables
(Pedregosa et al., 2011). The analyst should retain source labels rather than reinterpret a filename as a
fully controlled experimental intervention. A prompt repeated across conditions creates useful pairing, yet
the published table may still contain missing cells or unmeasured generation differences. A transparent
report states which records are present, how conditions were identified, and which outcome was actually



analyzed. Those details make a modest score-based result independently understandable without

expanding it into an unperformed assessment of image content or model performance.

2. Matching prompts and describing the contrast

The full score table contains 300 prompts and ten generation-condition labels. Each of the two
Midjourney conditions has 296 observed rows. Their paired comparison uses the 296 shared prompts with
available scores in both conditions. The difference is always lowstep minus normal. No missing score is
replaced with a failure value, and no absent row is imputed. All calculations use the public means and
preserve the prompt as the pairing unit, without processing the underlying images.

Mean quality difference is -1.239, with a standard deviation of 0.655 across the paired prompt differences.
Nine differences are positive and 287 are negative. This sign pattern is more concentrated than a
comparison in which a small negative mean results from nearly balanced improvements and declines. The
standard deviation describes heterogeneity among prompt contrasts; it is not a standard error of the mean
and does not reconstruct participant-level rating uncertainty. The present report does not manufacture a
confidence interval from assumptions that have not been separately justified.

Mean alignment difference is -0.495 for the same paired comparison. Both outcomes therefore decline on
average in the recorded lowstep condition, but their magnitudes are on their respective judgment scales. A
larger numerical quality difference should not automatically be described as a proportionally larger
practical effect than the alignment difference. That interpretation would require a justified relationship
between scales and an application-specific consequence. The useful observation is that the two outcomes
move together in average direction while retaining different numerical and conceptual meanings.

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.

Quality assessment is a family of measurement problems rather than a single numerical target. CLIP
supplies a visual-language representation (Radford et al., 2021); MUSIQ investigates multiscale quality
assessment (Ke et al., 2021); NIMA concerns learned image assessment (Talebi and Milanfar, 2017); and
NIQE draws on natural-image statistics (Mittal et al., 2013). The different foundations motivate explicit
separation of appearance and semantic correspondence in a generated-image study. A model may
reproduce the requested content with visible defects, while another produces a polished but semantically
incomplete image. Neither outcome is fully described by the other dimension. A useful report would
identify its chosen endpoint, the evidence supplied to its assessor, and the conditions under which that
interpretation has been checked. When the empirical input is a table of published human scores, the direct
result concerns score relationships under that collection process. It cannot determine which automated
representation caused those relationships or how a new predictor would generalize without additional
predictions and a properly separated assessment.



3. Interpreting a strong descriptive pattern

The paired design holds prompt identity constant, which is an advantage over comparing unrelated prompt
sets. It does not hold all other unrecorded factors constant. The released table is not a newly randomized
repeated-sampling experiment. It does not provide the present analysis with complete generation histories
or individual rater responses. A causal explanation about one sampling parameter would therefore require
additional controlled evidence, even when the observed score difference is large and its sign is consistent
across most prompts.

Missing table support should also remain visible. The nominal prompt universe contains four prompts
absent from each of these condition groups. The paired estimate describes the observed shared prompts
rather than every possible prompt or all users of a generation system. No conclusion about the absent
outputs follows from their missing rows. A future completeness audit can investigate the source record,
while a new collection can assess whether the descriptive contrast persists under a deliberately
documented generation protocol.

For image-quality assessment, this comparison offers a demanding but bounded target. A future predictor
could be tested on whether it captures the direction and heterogeneity of these human-score contrasts
using appropriate independent inputs. That test would need actual predictions and a split that respects
prompt dependence. The current result supplies neither. It motivates retaining paired quality and
alignment evidence, so that a model's apparent success is not established merely by reproducing a broad
condition ranking while overlooking important variation across individual prompts.

Quality evidence is shaped by both the dataset and the instrument. KonlQ-10k (Hosu et al., 2019) and
KADID-10k (Lin et al., 2019) illustrate different collection and distortion settings. Structural similarity
(Wang et al., 2004) and learned perceptual metrics (Zhang et al., 2018) compare image pairs under their
own representations, whereas FID (Heusel et al., 2017) concerns feature distributions across collections.
A report should preserve these distinctions when discussing generated imagery. An individual image
score cannot establish an entire generator's distributional fidelity, and a collection metric cannot reveal
every local semantic failure. Reference-based measures additionally depend on the suitability of the
reference. These observations motivate a layered assessment rather than an unexplained total. A
score-table study can examine how available human judgments co-vary and where their rankings disagree.
It should not present that analysis as an empirical test of metrics for which no predictions were computed.
The missing measurement can be specified in a future protocol without being silently filled by a citation
to an established method.

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



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. From score associations to an assessment design

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 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.

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

The released Midjourney pair has a large negative average quality contrast and a negative alignment
contrast, with quality declines in most observed prompt pairs. This is a strong descriptive pattern within a
defined public table. It is not a causal estimate of a current service's sampling settings. Its contribution is a
reproducible paired comparison that preserves outcome distinctions, source labels, and incomplete
coverage instead of extending the available evidence beyond the recorded generation conditions.
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