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Abstract

LLM judges are increasingly used to evaluate
generated text in multiple quality dimensions,
where overall quality is implicitly built from
fine-grained trait judgments. However, whether
the evaluator combines these judgments as hu-
man evaluators do is rarely examined. We ar-
gue that this composition is a core property
of multidimensional evaluation that agreement
cannot capture, and formalize it as ‘composi-
tional validity’, the degree to which a judge’s
trait-to-overall aggregation matches that of hu-
man judges. Across summarization, dialogue,
and essay evaluation, we introduce a diagnos-
tic framework that investigates the composi-
tional relationship between overall and trait-
level scores. We find that overall judgments are
highly recoverable from traits (R2 = 0.675 to
0.945). However, this does not imply validity.
Additionally, attribution methods agree with
one another far more than any judge agrees
with humans (Kendall’s τ = 0.47 to 1.00 inter-
nally vs. -0.07 to 0.20 against humans). An
alignment diagnostic, computed at full sample
size, localizes much of this gap to how traits
are aggregated rather than how they are scored,
and targeted perturbations show that correla-
tional alignment overstates trait-level compe-
tence. Rubric geometry, in turn, is a dominant
and auditable determinant of compositional va-
lidity, explaining 17x more variance than model
choice (η2 = 0.384 vs ≈ 0.022). Our results sug-
gest that reliable multidimensional LLM eval-
uation requires validating not just that judges
agree with humans, but also that they base their
judgments on the right reasons, and that rubric
geometry offers a way to audit this before de-
ployment.

1 Introduction

With powerful models and ready access, LLM
judges offer a scalable alternative to multidimen-
sional evaluation that traditionally depends on hu-
man experts. However, the majority of LLM-based

evaluations are validated solely by agreement with
human scores. We argue that this criterion is insuf-
ficient for assessing LLM judges’ reliability across
tasks and evaluation rubrics. We believe that the
multidimensional evaluation implicitly rests on a
simple premise that an overall judgment has some
stable relationship to the fine-grained traits scored
alongside it. In other words, the whole is, at least
in part, a function of the parts. If this is the case,
then two evaluators can broadly agree on the parts
and on the overall score, yet reach that overall by
weighting the parts differently. Agreement, at ei-
ther level, will hide the difference in how the whole
was built.
Imagine an LLM judge scoring a student essay on
an overall quality and six writing traits. It rates
the essay highly on grammar and vocabulary, with
a strong overall score. A teacher may agree with
the LLM judge’s vocabulary evaluation but assign
a low grammar score, yet weighing the essay’s
ideas more heavily, still assign a high overall score.
The two overall scores still agree, here and across
many essays, but they are reached by different rules,
i.e., the judge’s overall score rests on grammar the
teacher considers weak. In such cases, which over-
all score should be trusted and can the trait score be
used for targeted feedback? Agreement, at either
level of granularity, cannot answer these questions.
The premise that a holistic evaluation maintains
a stable relationship with fine-grained constituent
attributes is not novel. Judgment analysis models
such as information integration theory (Anderson,
1971) represent human evaluative judgment as a
weighted combination of attribute values, each con-
sisting of a value and an associated weight, and
lens-model studies have used linear models to de-
code how judges weight traits across medicine, edu-
cation, and business (Kaufmann et al., 2013). Such
models capture a judge’s policy without making
any claims about the underlying reasoning. We
adopt the stance that the composition we estimate
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describes how an evaluator weights traits, not how
it computes.
We formalize this gap as compositional validity:
the degree to which a judge’s mapping from trait
scores to an overall judgment matches that of a
human judge. Agreement asks whether a judge’s
scores are correct, whereas compositional validity
asks whether the overall score is reached using the
same logic as humans. Only a compositionally
valid judge can be trusted to explain why it scored
as it did or to be corrected when it is wrong.
To study it, we propose a diagnostic framework
(Figure 1) that decomposes overall evaluations into
trait contributions, and investigates, with increas-
ing strictness, whether a judge’s overall score is
recoverable from its trait scores, whether the re-
covered composition is stable and human-aligned,
and where any misalignment lies. Across summa-
rization, dialogue, and essay evaluation, we find
that overall judgments are highly recoverable from
traits, but recoverability does not imply validity.
LLM Judges are internally consistent across attribu-
tion methods, but exhibit no statistically detectable
alignment with human trait ordering. The rubric ge-
ometry, and not the model choice, governs whether
a valid composition exists at all (η2 = 0.384 vs. ≈
0.022) and depends on the rubric rather than the
content.

Our contributions are as follows:

1. We posit multidimensional evaluation as a
problem of compositional validity, in which
we investigate whether a judge composes its
overall judgment from traits in the same way
humans do.

2. We propose a diagnostic framework that sepa-
rates recoverability from compositional valid-
ity and, via an alignment diagnostic, localizes
misalignment to trait scoring versus aggrega-
tion.

3. We empirically demonstrate that rubric geom-
etry is a dominant, auditable determinant of
compositional validity, explaining far more
variance than model choice and depending on
the rubric rather than the content.

4. We provide a practical rubric-audit workflow
that consists of computing effective rank and
condition number before trusting trait-level
feedback, and demonstrate through counter-
factual perturbation that correlational align-
ment overstates trait-level competence.

2 Related Work

2.1 LLM-as-a-Judge

LLM-as-a-Judge frameworks have emerged as a
scalable alternative to human evaluation across gen-
eration tasks (Chiang and Lee, 2023; Yuan et al.,
2023; Zheng et al., 2023), with several studies
(Gu et al., 2024; Liu et al., 2023) reporting strong
overall agreement with human evaluators. Previ-
ous work in (Ye et al., 2023; Huang et al., 2025;
Wang et al., 2024; Turpin et al., 2023; Gallegos
et al., 2024) has also identified important limita-
tions, including hallucination, factual errors, un-
faithful chain-of-thought, and systematic biases
such as position, verbosity, and self-preference.
However, most assess judges primarily through
aggregate metrics — correlation or agreement with
human scores at the overall and, increasingly, the
trait level. We focus instead on the composition
that agreement cannot measure.

2.2 Multidimensional Evaluation

Recent multidimensional evaluation frameworks
decompose holistic quality into finer-grained cri-
teria to improve interpretability and evaluation
quality. Systems such as (Liu et al., 2023) and
(Feng et al., 2025) show that structured criteria,
hierarchical decomposition, or adaptive rubric con-
struction can improve human alignment and trans-
parency, and FLASK (Ye et al., 2024), LMUnit
(Saad-Falcon et al., 2024), HD-EVAL (Liu et al.,
2024), and (Yu et al., 2025) demonstrate the ef-
fectiveness of decomposed evaluation. However,
these works primarily use decomposition as a de-
sign choice to improve the evaluation. Recent work
examines aggregation and structural problems of
multidimensional evaluation. In particular, crite-
rion entanglement as a halo effect bias (Li et al.,
2025); dependency-aware aggregation to prevent
unlicensed credit in reward modeling (Lv et al.,
2026); and calibrated aggregation of rubric criteria
into an overall judgment (Hashemi et al., 2024).
These treat entanglement as a system-specific bias
to mitigate, or as a mapping to fit. In contrast, we
investigate diagnostically whether, given an arbi-
trary rubric, its geometry supports a trustworthy
trait-level evaluation at all.

2.3 Attribution and Interpretability

Attribution methods such as SHAP (Lundberg and
Lee, 2017), LIME (Ribeiro et al., 2016), and re-
lated interpretability tools such as token-SHAP
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Figure 1: Each stage asks a stricter question of the judge’s composition. Recoverability establishes that a composition
exists; stability, whether it is well defined; validity, whether it matches the human one; and the alignment diagnostic,
where it fails. Rubric geometry governs all four.

(Horovicz and Goldshmidt, 2024) and LAMP
(Chen et al., 2025) identify which inputs or features
drive model predictions, and attribution-informed
methods have also been explored for alignment and
control. We repurpose these tools with a different
unit of analysis. Rather than attributing predictions
to tokens or internal activations, we apply attribu-
tion at the level of evaluation traits to measure how
a judge maps fine-grained rubric traits onto its over-
all judgment, and whether this mapping aligns with
that of humans. In our setting, attribution is not the
end (explaining a prediction) but the means (quan-
tifying composition) to study rubric geometry and
diagnostic value of trait-level evaluation.

3 Compositional Validity

3.1 Agreement to Composition
Consider an evaluator who assigns an overall
score y along with k fine-grained trait scores
a1, a2, . . . , ak. The standard validation process
compares these scores with the corresponding hu-
man reference scores (yl versus yh) to assess their
agreement, treating these scores as independent
quantities checked one at a time.
In our study, we focus on this combination with
the implicit assumption in multidimensional eval-
uation: that an overall evaluation has a stable
and recoverable relationship to the fine-grained
traits. In other words, there exists a mapping
f : (a1, a2, . . . , ak) ↦→ y that describes how parts
become a whole. Our intuition comes from frame-
works that decompose holistic quality into criteria
(Liu et al., 2023; Ye et al., 2024), learn a calibrated
criteria-to-overall mapping (Hashemi et al., 2024),
or aggregate criterion judgments into a scalar re-
ward (Lv et al., 2026). This modeling choice is also
observed outside NLG evaluation. Linear models
of judgment have long been used to recover how
human evaluators weight the components of a holis-

tic decision (Kaufmann et al., 2013). Unlike these,
where the mapping is used as a means to an end,
we treat the mapping as an object of measurement.
We require only that this relationship be systematic
rather than arbitrary, so that the mapping can be es-
timated from the observed scores. It is a modeling
choice for diagnostic purposes and not a cognitive
claim about the evaluator. Our empirical findings
confirm that such a mapping is recoverable across
all tasks, rubrics, and judges, including the human
reference. The detailed formulation of f and its
estimation are in the Appendix.

Estimating compositional mapping Consider
an evaluator s ∈ {h, l}, viz. the human evaluator
or the LLM judge. Each item xi gets an overall
score ysi and trait scores asi,1, . . . , a

s
i,k. We estimate

fs as a linear model,

ysi = β0 +
k∑︂

j=1

βs
j · asj + ϵj (1)

where the trait scores are standardized so coeffi-
cients are comparable. Each βs

j denotes the relative
contribution of trait j to the overall evaluation. We
refer to the vector βs = (βs

1, . . . , β
s
k) as the compo-

sition signature of the evaluator s. Notably, linear-
ity is the diagnostic choice for better interpretability
and not the cognitive claim. Our experiments with
linear attribution methods such as linear regression
along with non-linear methods such as SHAP and
Gradient Boosted Regression Trees do not change
the compositional conclusions.

3.2 Defining Compositional Validity
Given a human mapping fh and an LLM judge’s
mapping f l, we define the judge’s compositional
validity as the degree to which f l matches fh. It
measures correspondence between how the judge
and humans combine traits into an overall score. It
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is distinct from the agreement. A judge can match
humans on the overall score (yl ≈ yh) and on in-
dividual traits (alj ≈ ahj ), but still combines them
differently (f l ̸= fh). This divides the evalua-
tion problem into two questions that the agreement
conflates: 1) Scoring: does the judge assign the
correct value to each trait? and 2) Aggregation:
does it combine these values into the overall judg-
ment as humans do? A judge can fail in either of
these, scoring traits well, but aggregate them by
the wrong rule, or aggregating faithfully but with
poorly scored traits. Identifying this failure is the
central diagnostic focus of our work.

3.3 Diagnostic Setup

We study compositional validity through three com-
plementary lenses, each focusing on a different
question about mapping f .

Recoverability and Stability: We first ask
whether f l can be recovered from a judge’s trait and
overall scores, and, when it can, whether the recov-
ered mapping is stable across attribution methods
and aligns with fh. We report the cross-validated
coefficient of determination R2 of Eq. 1. A high R2

indicates that the overall score is largely a function
of the trait scores, i.e., there exists a composition
for further analysis. Importantly, this measures
interpretability or recoverability, and not human
alignment.
Stability across methods determines whether a map-
ping is well-defined enough to compare. If dif-
ferent estimators recover different orderings from
the same scores, no single mapping is reliably re-
coverable. We compute Kendall’s τ between the
induced trait rankings induced by different attribu-
tion methods (ridge coefficients, leave-one-trait-out
ablation, SHAP). High τ indicates stable, method-
independent importance estimates. A low τ indi-
cates that no single mapping can be reliably re-
covered from the judge’s scores, in which case the
composition is not well defined, and we do not in-
terpret its human alignment. Therefore, we treat
stability as a prerequisite for interpreting composi-
tional validity rather than as an established univer-
sal property.
Where the mapping is well-defined, alignment with
fh is the compositional validity itself. We measure
compositional validity as Kendall’s τ between the
trait rankings induced by βl and βh over k traits.
High recoverability with low alignment is the pri-
mary failure we target, viz., a judge whose compo-

sition is legible and self-consistent yet unlike that
of a human judge.

Aggregation diagnosis: When a judge’s compo-
sition diverges from humans, the divergence may
be in trait scores or in their combination. We inves-
tigate the aggregation component by an Alignment
Diagnostic Test (ADT) applying human composi-
tion weights to the judge’s trait scores. The ad-
justed overall score is computed as,

ŷ
adj
i =

k∑︂

j=1

βh
j a

l
i,j , (2)

and the reweighting benefits are measured as,

∆ρ = ρ
(︁
yh, ŷadj)︁− ρ

(︁
yh, yl

)︁
. (3)

∆ρ > 0 indicates that the trait scores were informa-
tive, but combined by a rule different from that of
human evaluators. In such cases, the failure lies in
aggregation and not in scoring. Since the ADT re-
quires only βh and the judge’s raw trait scores, it is
applicable even to judges whose own composition
signature is not stably recoverable.

Rubric Geometry: Whether composition is recov-
erable, stable, and human-aligned depends on both,
the judge and the evaluation rubric. When traits
are highly entangled, many weightings fit the same
score equally well, and hence there is no single sta-
ble or interpretable mapping. We characterize this
through the trait-score correlation matrix at two lev-
els: the nominal trait structure (the k traits and cri-
teria an evaluation rubric defines) and the observed
trait space (the correlation structure the evaluator’s
scores actually produce). These need not agree—a
rubric may nominally define six independent di-
mensions while an evaluator collapses them onto
few. We find that the same rubric is interpreted
differently by different judges and that judges fre-
quently consider more entangled trait spaces than
the human reference. From the SVD for this matrix
we compute two quantities (Details in Appendix):
1) Effective Rank, the exponential entropy of the
normalized singular values, measures the trait in-
dependence; and 2) Condition Number, the ratio of
the largest to the smallest singular values, measures
the weight estimation stability. The observed trait
space of the human reference is what a practitioner
can audit before deploying a judge, since it requires
only the existing human annotations. We argue that
this rubric-level geometry is a dominant and au-
ditable determinant of compositional validity.
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Together, these move from establishing that com-
position exists and can be misaligned, to locating
where the misalignment lies, and explaining when
a rubric permits valid composition in the first place.
A confirmatory probe additionally tests whether
trait scores respond specifically to their intended
dimension under the targeted perturbation. It vali-
dates that the measured trait behavior exhibits gen-
uine sensitivity rather than correlation (details in
section 5).

4 Experimental Setup

4.1 Tasks and Datasets
We analyze four datasets representing 3 NLG evalu-
ation tasks (Summarization, Dialogue, and Essay),
with human annotations for both overall quality
and traits (Table 1). To enable within-domain com-
parison for further investigation of rubric effects,
we consider two essay datasets (ASAP++ and EL-
LIPSE). This comparison is central to rubric geom-
etry diagnostics, where we separate rubric effects
from content effects. Details of trait definitions
and annotation guidelines are in the Table 1 and
Appendix.

Annotations and Evaluation Rubric All human
annotations used in this study are external and orig-
inally reported with the datasets used. Each data
set is published and peer-reviewed as a benchmark,
with scores collected independently and prior to
this work. We adopt every trait definition, scor-
ing scale, and evaluation rubric as-is from the
original dataset documentation (Stiennon et al.,
2020; Mehri and Eskenazi, 2020; Mathias and Bhat-
tacharyya, 2018; Crossley et al., 2023). No post-
hoc rubric adjustment, tuning, or trait selection is
performed during this study. Rubrics were fixed
prior to any experimental run. In summary, the
human annotations and evaluation rubric are ex-
ternally validated benchmarks and our study in-
troduces no new annotation protocol of its own.
Detailed information about annotator recruitment,
training, and inter-annotator agreement (where re-
ported) can be found in the respective source pub-
lications. For ELLIPSE dataset, each essay was
scored by two independent raters and the reported
human score is their average. Inter-rater agree-
ment is moderate across all six traits (Spearman
ρ from 0.62 for vocabulary to 0.69 for conven-
tions), indicating that the human reference is not
a single-annotator artifact. One trait requires ex-
clusion. USR’s (Mehri and Eskenazi, 2020) un-

derstandable trait is constant in the persona subset,
viz., all samples are rated 1. It carries no variance
and is excluded from the geometry analysis. The
USR rubric therefore nominally defines five traits
while realizing four. Geometry is computed on
complete-case human scores (n = 299/59/97/1031).

4.2 LLM Judges

We evaluate four models (Claude Sonnet 4.5,
GPT-5, Gemini 2.5 Pro, Mistral Large 2)1, with
3 prompting strategies per task (rubric-based,
attribute-first, chain-of-thought), totaling 36 con-
figurations across three tasks. Additionally, we
consider 3 configurations for ELLIPSE. For coun-
terfactual experiments, we use LLaMA-3.1-8B and
Claude Sonnet 4.5. All judges use the default tem-
perature. The prompts follow the published anno-
tation guidelines, providing trait definitions and
scoring scales. The output is a structured JSON
with per-trait scores, overall score, and reasoning.
Full prompts are in Appendix. Additionally, we de-
fine competent models as those achieving ρ ≥ 0.3
with human overall scores across configurations,
following the rationale that attribution analysis of
non-systematic evaluators would not reveal mean-
ingful compositional patterns. For analysis, Mistral
is excluded as the weakest judge.

5 Results

Agreement at overall and trait levels

Alignment with humans is measured across mod-
els, tasks and prompting strategies (Figure 2). The
strongest configuration varies by task, with no uni-
versally best prompting strategy (Appendix Table
4). This shows that multidimensional alignment is
jointly shaped by task, rubric, and prompt format,
rather than by a single, universally best prompting
strategy.
Aggregate alignment is nearly identical at the
two levels of granularity, but this masks oppos-
ing within-task patterns (Table 2). Summariza-
tion shows the strongest overall alignment and
the weakest trait-level alignment; essay evalua-
tion reverses this; dialogue is balanced. By at-
tribute type, verifiable traits such as coverage, ac-
curacy, and uses_knowledge align more systemati-
cally with human judgments (ρ= 0.55–0.82) than
subjective traits such as coherence and naturalness

1We use Gemini for Gemini-2.5-pro, GPT for GPT-5,
LLaMA for LLaMA-3.1-8B, and Claude for Claude-Sonnet-
4.5 unless stated otherwise.
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Dataset N k Eff.R. Cond. R2
h ρmax Traits Type

TL;DR 350 3 2.78 2.31 0.885 0.32 coverage, accuracy, coherence V, V, S
USR 60 5 3.66 3.77 0.848 0.57 understandable, natural, maintains_ -, S, SO,

(4) context, engaging, uses_knowledge S, V
ASAP++ 100 5 1.74 47.3 0.547 0.91 content, organization, word_choice, V, SO, S,

sentence_fluency, conventions S, SO
ELLIPSE 1031 6 2.12 32.0 0.912 0.83 cohesion, syntax, vocabulary, S, V, SO,

phraseology, grammar, conventions S, V, SO

Table 1: Rubric characteristics. Effective rank (Eff.R.) and condition number (Cond.) are computed from the SVD
of the human trait-score correlation matrix; higher effective rank indicates more independent traits, higher condition
number less stable weight estimation. R2

h is the cross-validated recoverability of the human overall score from
human trait scores. ρmax is the maximum pairwise trait correlation. k is the number of traits the rubric nominally
defines; Trait inventory across the four datasets. V = verifiable, SO = semi-objective, S = subjective; For USR,
understandable is constant across the persona subset and is excluded, so the rubric nominally defines five traits
while realizing four and geometry is computed over four traits.N is the released dataset size; geometry is computed
on complete cases (4.1)

Figure 2: Mean alignment after bootstrapping across 3 tasks, 4 models, and 3 prompt strategies (Rubric: Blue,
attribute_first: Orange, CoT: Green)

(0.29–0.48). A deeper analysis of the Essay evalua-
tion (ELLIPSE dataset, Details in Appendix) con-
firms the same pattern at higher resolution. We
observe that agreement at one level of granular-
ity is already a poor predictor of agreement at the
other, the rest of this section analyzes what it fails
to capture.

Overall judgments are recoverable from trait
scores

We test the assumption of 3.1 directly. In the
matched cross-task setting, linear trait-to-overall
composition reports R2 = 0.675 to 0.945, across
all 36 configurations (Appendix Table 4) indicat-
ing that multidimensional LLM evaluation is usu-
ally decomposable, although the strength of this
decomposition varies across rubric settings. This
pattern is stable across prompting strategies for
all four judges (Appendix Table 4). On ELLIPSE,
cross-validated ridge regression predicts the overall
essay scores with high accuracy for both humans

and LLM judges: humans (R2 = 0.912), and LLM
judges (Gemini 0.916, Claude 0.915, GPT 0.766).
We observe that the assumption holds for every
task, rubric, and judge considered, and importantly,
that it holds for the human reference as well. How-
ever, this establishes only that a composition exists
to analyze, not that a judge’s composition resem-
bles the human one.

Recoverability does not imply validity

The distinction between predictive fit obtained by
regression and correct composition is well estab-
lished. Anderson (1971) reports that integration
models of human judges routinely achieve high cor-
relation with observed responses, while concealing
systematic misalignment in how components are
combined. Our recoverability observations concur
with this and put LLM judges in the same position.
Before investigating composition alignment be-
tween LLM judge and the human evaluator, we
probe whether the judge has a well-defined and
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Task Overall ρ Trait-level ρ
[95% CI] [95% CI]

Summarization 0.577 0.437
[0.507, 0.642] [0.346, 0.522]

Dialogue 0.513 0.534
[0.297, 0.705] [0.333, 0.698]

Essay 0.498 0.619
[0.338, 0.630] [0.484, 0.730]

All 36 0.542 0.541
configurations [0.511, 0.573] [0.512, 0.570]

Table 2: Mean overall score and trait-level alignment
with human judgments, bootstrapped. Aggregate align-
ment is nearly identical at the two levels, but the two
diverge within tasks in opposite directions.

Figure 3: Cross-task attribution divergence from human
composition. Bars show the mean absolute difference
between LLM-inferred & human trait-importance pat-
terns, averaged across traits and prompting strategies
for each task–model pair. Higher values indicate larger
departure from the human evaluative structure.

stable composition to compare. We recover each
judge’s composition using three attribution meth-
ods and measure their pairwise agreement using
Kendall’s τ (3.3). The τ here is computed over k
= 6 traits (ELLIPSE dataset) leading to effective
sample size 6. Under the exact null obtained by
enumerating all 720 orderings, τ has standard de-
viation of 0.355, and |τ | ≥ 0.733 is required for
two-sided significance at α = 0.05. We therefore
report exact permutation p-values throughout rather
than interpreting τ magnitudes directly, and treat
absence of detectable agreement as distinct from
evidence of disagreement 2. This agreement is not
uniform across judges. On ELLIPSE, GPT’s three
attribution methods recover an identical trait order-

2This bound applies only to the trait-ranking comparisons.
Overall-score alignment, recoverability, and the ADT gain are
estimated over the full sample of texts (n = 1,031 for ELLIPSE)
and are correspondingly well powered. See Appendix B.

ing (τ = 1.00, exact p=0.003). Gemini (τ = 0.733,
p = 0.056) and Claude (τ = 0.467, p=0.272) do not
show significance against the null distribution for
a six-trait ranking. We therefore treat only GPT’s
composition as reliably recoverable. For Gemini
and Claude, no well-defined, single composition
signature is found.
We find that this variation follows the rubric en-
tanglement in each judge’s observed trait space.
GPT with highest effective rank (3.24) for its ob-
served trait space is the judge whose composition
is stably recovered. Claude (1.84) and Gemini
(1.77) both exhibit substantially more entangled
trait spaces and accordingly, their composition sig-
natures are unstable. Rubric geometry helps in
predicting this behavior. When the traits are entan-
gled, many weightings fit the same score equally
well, and no unique signature can be recovered for
the evaluator.
Even when the signature is well-defined, we find
that it is not human-aligned. GPT’s trait ordering
shows no statistically detectable agreement with
human ordering (τ =0.20, exact p = 0.719). The
judge composes its own overall judgment stably
using a rule different from the human evaluator. For
Claude and Gemini, the corresponding values (τ =
-0.07 and 0.20 resp.) cannot be read as divergence,
since there is no stable composition to diverge. In
these cases, the alignment question is blocked by
the geometry instead of answered by it.
The cross-task attribution divergence shows the
same departure from human weighting. These
are differences between standardized coefficients
rather than rank correlations over traits, and hence
they are not subject to power limitation as above.
In summarization, the human reference is strongly
coverage-driven. Rubric prompting comes clos-
est to this pattern, especially for Gemini rubric,
whereas attribute-first and CoT assign greater im-
portance to accuracy and coherence and less to
coverage, e.g. summarization-claude-attribute_first
underweights coverage by -20.83 while overweight-
ing accuracy (+7.25) and coherence (+13.58). In di-
alogue, judges often overweight naturalness and en-
gagingness while underweighting uses_knowledge
and sometimes maintains_context. In essay eval-
uation, the attribution divergence is the strongest.
LLM judges repeatedly underweight content and
organization, while overweighting word_choice,
sentence_fluency, and conventions (Figure 3, Table
6). We observe that judges learn stable but system-
atically different weighting rules from humans.
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The failure lies substantially in aggregation

To diagnose whether this mismatch is caused by
poor trait scoring or poor aggregation, we apply
the Alignment Diagnostic Test (ADT) (3.3), substi-
tuting human composition weights into the judge’s
trait scores. In ELLIPSE, recalibration improves
final-score alignment for all three judges, with
gains in Gemini +0.044 [95% CI: 0.025, 0.062],
GPT +0.077 [0.054, 0.100], Claude +0.049 [0.030,
0.068] (5-fold, essay-level bootstrap). This indi-
cates that at least some part of the misalignment
lies not in the trait scores themselves, but in how
those scores are combined. This holds for all three
judges, including those whose own composition
signature is not stably recoverable.

Rubric geometry governs when composition is
valid

Principal Component Analysis (PCA) on ELLIPSE
trait scores shows that LLM judges produce more
entangled trait spaces than humans. For Gemini
and Claude, only 2 principal components from PCA
explain 90% of the variance, compared with 3 for
humans and 4 for GPT, consistent with their lower
observed effective ranks reported above. Some
rubric dimensions are therefore not independent
signal, so a decomposition may look stable while
still having a limited interpretive value.

Geometry follows the rubric, not the content

Trait compositional structure could in principle be a
result of the content being evaluated rather than the
evaluation rubric. We separate the two directly by
holding the content fixed and swapping the rubric.
The same ELLIPSE essay samples are re-scored
under the ASAP++ rubric. If the attribute entan-
glements were driven by the texts, the geometry
should also follow the ELLIPSE content. On the
other hand, it should follow the ASAP++ if driven
by rubric design. The condition number doesn’t
essentially change (49.8 vs 50.2), and matches
ASAP++’s native value (47.3, Table 1) rather than
ELLIPSE (32.0). Rubric structure, not the content,
determines whether a stable composition can be
recovered, which is what makes rubric geometry
auditable before deployment. This control changes
the rubric while keeping the context constant. It
does not establish that geometry is invariant to con-
tent, since the observed trait-correlation structure
is a joint property of the rubric and the score distri-
bution a given corpus induces.

Correlational alignment overstates trait-level
competence
The decomposability (R2) and the attribution stabil-
ity (τ ) are correlational. They do not establish that
a trait score responds to the dimension it names.
We construct a targeted-perturbation experiment
as a confirmatory probe. For each of the 5 target
ELLIPSE traits (syntax excluded), we generate de-
graded versions of ∼ 300 essays with trait-specific
perturbation instructions (e.g., for grammar: in-
troduce subject-verb disagreements and tense in-
consistencies while preserving ideas and structure).
Both original and perturbed essays are scored by
Claude and LLaMA on 5 traits plus overall quality.
The magnitude of the perturbation varies by design:
cohesion (57% character change) and conventions
(43%) involve substantial rewrites; grammar (5%)
and phraseology (9%) are more targeted.
We do not assume edits are perfectly isolated. We
verify the perturbation localization (Details in Ap-
pendix). Perturbations are generated with trait-
specific instructions and their magnitude is mea-
sured per trait. The non-target score change is
consistently smaller than the target change for both
judges (Table 5), and the vocabulary null control3

(<0.1% character change) yields negligible drift.
The reported specificity (Target ∆ - Non-target ∆)
represents this localization, net of general drift.
Claude responds specifically to targeted perturba-
tions of conventions (specificity = -0.112) and cohe-
sion (-0.072) but not to phraseology (+0.035, worse
than the null baseline). In contrast, a far smaller
LLaMA shows stronger specificity than Claude for
conventions (-0.254) and grammar (-0.164), while
both models fail in phraseology. We observe that
traits with comparable correlational alignment can
exhibit very different targeted sensitivity, and that
model capacity does not predict which. Decompos-
able and correlationally-aligned outputs need not
reflect trait-level competence.

6 Discussion

Rubric design is a primary factor, not a
secondary annotation choice
Rubric design defines what traits are available and
whether those traits behave like distinct evaluation
dimensions. Because observed trait spaces are of
substantially lower dimension than rubrics nom-
inally define (2–4 principal components explain

3null control is a perturbation small enough to produce no
detectable score change in a well-calibrated judge
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90% of variance), a richer rubric does not auto-
matically yield better multidimensional evaluation.
When traits are highly correlated, multidimensional
outputs may overstate how much unique informa-
tion each trait actually contributes. The cross-
rubric control confirms this structural instability
follows rubric design rather than content—which
is why rubric geometry should be treated as a pri-
mary factor and audited before deployment.

A practical audit workflow
Our framework is diagnostic, but it provides con-
crete directions for mitigation.

• Audit the rubric: Compute the effective rank
and condition number of the evaluation rubric
from the human trait-correlation matrix. No
LLM judge is needed. A high condition
number with an effective rank below the
actual trait count k indicates that the trait-
level outputs are not independent signals (e.g.,
ASAP++, cond. 47 and eff. rank 1.74 over
five traits collapse to 2).

• Prune or merge entangled traits:
Merge collinear pairs (e.g.,
‘word_choice’–‘sentence_fluency’ into
a single "language use" dimension) until the
condition number drops.

• Diagnose before correcting: When trait scores
are individually informative but aggregated
differently from humans (positive ADT gain,
e.g. all three ELLIPSE judges (+0.04 to
+0.08 ρ)), apply human-weight recalibration
rather than pruning. The ADT applies even
without a recoverable judge signature.

• Prefer rubric-anchored prompting: Rubric-
based prompting is the safest option in sum-
marization and essay evaluation, whereas di-
alogue is more model-dependent. Attribute-
first and CoT prompting amplify aggregation
mismatch.

• Do not rely on model capacity: The task and
rubric explain far more variance in aggrega-
tion mismatch than the choice of model, and
a smaller model shows stronger targeted sen-
sitivity than a larger one on two of five traits.

7 Conclusion

LLM judges have emerged as a scalable alterna-
tive to human evaluation. However, reliable mul-

tidimensional evaluation requires more than high
overall agreement, because agreement overlooks
how a judge constructs the overall evaluation from
fine-grained traits. We formalized this missing axis
as compositional validity, the degree to which a
judge’s trait-to-overall aggregation matches the hu-
man one, and proposed a diagnostic framework
to measure it. Across three NLG tasks, overall
scores are strongly recoverable from trait profiles
(R2 = 0.675 to 0.945), yet this recoverability does
not imply validity. Where a judge’s composition
is stably recoverable, it shows no statistically de-
tectable alignment with the human trait ordering.
Our Alignment Diagnostic Test reveals that a sub-
stantial component of this misalignment lies in
how traits are aggregated rather than how they are
scored, which is correctable through recalibration.
Additionally, targeted perturbations confirm that
traits with strong correlational alignment can fail to
respond when specifically degraded — decompos-
able outputs are not the same as compositionally
grounded ones. Rubric geometry is the primary
determinant of whether evaluation delivers genuine
diagnostic value. It constrains whether a composi-
tion can be recovered, explains far more variance in
aggregation mismatch than the choice of model (η2

= 0.384 vs. 0.022), and follows the rubric rather
than the content. Rubrics with higher effective
rank and lower condition numbers support stable,
human-aligned compositions and entangled rubrics
produce misleadingly structured outputs regardless
of model capability. Trustworthy evaluation re-
quires not only that judges agree with humans, but
that they do so for the right compositional reasons.

Limitations

Use of Linear Attribution Methods

Linear models have a long history of being used as
descriptive representations of human judges. They
uncover a judge’s cue-weighting policy without
claiming that the judge computes linearly, across
various lens-model studies (Kaufmann et al., 2013).
Equation 1 is diagnostic in exactly this sense. Lin-
ear attribution methods may not fully capture the
interplay among attributes. However, there is a
distinction that needs to be considered. We use
linear methods as a diagnostic tool, not as a pre-
dictive modeling tool, to infer how LLMs actu-
ally integrate fine-grained attribute information.
We use linear methods as a theoretically optimal
and interpretable choice for our diagnostic pur-
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poses. Theoretically, Lundberg and Lee (2017)
prove that Shapley values-computed through lin-
ear approximations-provide the unique solution
satisfying key properties for additive feature at-
tribution: local accuracy, missingness, and consis-
tency. Works such as (Parcalabescu and Frank,
2024; Horovicz and Goldshmidt, 2024) demon-
strate SHAP acceptance and effectiveness in in-
terpreting human-AI alignment for modern LLMs.
Additionally, work in (Belinkov, 2022) establishes
linear probes as the preferred standard in NLP inter-
pretability research to avoid confounding probe ca-
pacity with model capabilities. Empirically, recent
research (Chen et al., 2025) directly validates the
linear approximation assumption. To validate the
assumption of attribute discriminability required
for linear decomposition, we examined pairwise
correlations between ground-truth human ratings
across all dimensions. Linearity is an informed
choice for interpretability and not a cognitive claim
about the model. Additionally, we investigated
the nonlinear decomposition setting with SHAP
(Random forest regressors) and Gradient Boosted
Regression Trees (GBRT). We find that nonlinear
compositional models do not significantly change
the core assumption.

Statistical power of the trait-ranking
comparison

Compositional validity is computed with reference
to two trait orderings. Accordingly, its effective
sample size is the number of fine-grained traits
k and not the number of samples. For ELLIPSE
rubric, k=6 and the null distribution of Kendall’s
τ over six items has a standard deviation of 0.355.
A six-trait ranking must reach |τ | ≥ 0.733 before
it is distinguishable from chance at α = 0.05. This
bound is the property of the measurement instru-
ment and not of our data. It applies equally to
LLM-Human agreements, and it means there is
an absence of detectable alignment but the degree
of misalignment cannot be quantified. It does not
apply to the overall-score alignment, the recover-
ability, or the ADT improvements. All of these are
estimated over the full sample of texts. Rubrics
with more traits would tighten this bound. We re-
port exact permutation p values throughout rather
than interpreting τ magnitudes directly.

Recoverability of the composition
signature/mapping
The alignment question is appropriate only for
judges with stable and recoverable composition
signature. On ELLIPSE, only GPT qualifies under
this condition. In case of Claude and Gemini, at-
tribution methods provide different orderings from
the same scores. Additionally, we do not report
an internal stability estimate for the human refer-
ence. The ADT depends on the human composition
weights and the human condition number of 32.0 in
ELLIPSE indicates that the weights are estimated
under some collinearity. We treat the human ref-
erence as given, with no intention of modifying
the source benchmarks. The stability of the human
composition signature is identified for future work.

Sample Size
Our analysis spans three diverse tasks, and the per-
task sample sizes range from 58 to 350 texts, plac-
ing limits on statistical robustness. We have ade-
quate power (1-β ≥ 0.80) to detect large effects
(Cohen’s d ≥ 0.8) but limited power for small ef-
fects (d < 0.3). Our bootstrapped confidence inter-
vals account for uncertainty from limited samples,
but future replication with N > 200 per task would
strengthen statistical conclusions. We use larger
ELLIPSE essay dataset for detailed analysis. This
limitation concerns the number of evaluated texts.
It is distinct from the trait-count bound discussed
above, which a larger text sample does not address.

Prompt Coverage
We test three distinct prompting strategies (rubric-
based, attribute-first, CoT), each strategy with fixed
phrasing. Our task-level findings are stable across
these three strategies, but we cannot claim robust-
ness to arbitrary prompt variations. Future work
should systematically vary prompt phrasing within
each strategy type to assess sensitivity.

Task Coverage
We consider three tasks for our initial study, but
broader validation across additional NLG types
would strengthen generalization. Tasks such as ma-
chine translation, data-to-text generation, and code
generation exhibit unique multicollinearity patterns
requiring out-of-the-box mitigation strategies.

Annotator Coverage
As noted in §4.1, our human annotations are taken
directly from the published benchmarks. Accord-
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ingly, per-sample annotation counts and agreement
follow each source’s protocol. We agree that multi-
annotator data throughout would nevertheless add
confidence.

Model Coverage

Our judges are from one generation of different
frontier models. Model capability advances rapidly,
and a newer judge may compose differently. We
note that our central findings relate to this directly,
since the task and rubric explain far more variance
in aggregation mismatch than the choice of model
(η2 = 0.384 vs. 0.022), and a smaller model shows
stronger targeted sensitivity than a larger one on
two of five traits. Our framework is model-agnostic
and can be applied unchanged to any judge that
emits trait and overall scores.

Behavioral Analysis

Our study focuses on input trait scores and overall
evaluations. We characterize how judges combine
fine-grained scores into a holistic score. We do not
consider mechanistic analysis at the token-level or
internal model representations. It is a complemen-
tary direction that could explain why certain traits
are harder to judge or perturb.
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A Notation

Table 3 summarizes the notation used in Section 3. The composition signature βs is estimated separately
for each source s ∈ {h, l} and for each task–model–prompt configuration. Trait scores are standardized
within each configuration before fitting Eq. 1, so that coefficients are comparable across traits with
different score ranges.

Symbol Meaning
yh, yl overall score by human, by LLM judge
ahj , alj score for trait j by human, by LLM judge
k number of traits in the rubric (nominal)
fs composition mapping for source s
βs composition signature, viz., the coefficient vector of fs

ρ Spearman rank correlation
τ Kendall rank correlation
∆ρ ADT reweighting benefit (Eq. 3)
κ condition number of the trait-score correlation matrix

Table 3: Notation.

Estimation details. We fit Eq. 1 with ridge regression and report cross-validated R2. Composition
signatures are additionally recovered by leave-one-trait-out ablation, viz., the drop in R2 when trait j is
removed, and by SHAP with Random Forest regressors. The three methods are used jointly to assess
stability, as described in Section 3.3. Geometry is computed on complete-case scores.

B Statistical Treatment of Trait-Ranking Agreement

The unit of analysis. Compositional validity is measured as Kendall’s τ between two trait rankings,
viz., the ordering of traits induced by the judge’s composition signature βl and by the human signature
βh. It is important to distinguish the sample size at which each quantity in this work is estimated. The
overall-score agreement (ρ) and the recoverability (R2) are computed over the evaluated texts. They are
therefore well powered (n = 1,031 for ELLIPSE). The composition signatures are likewise estimated
from all texts. However, the comparison between the two signatures is a rank correlation over k traits. Its
effective sample size is k and not the number of texts. For the ELLIPSE rubric, k = 6.

This distinction is easy to overlook and it materially affects the interpretation. A τ computed over six
items is a low-power statistic, regardless of how precisely each underlying coefficient was estimated. We
therefore report the null distribution of τ explicitly rather than interpreting its magnitude directly.

Exact null distribution. For k items, τ takes values on a discrete lattice with spacing 2/[k(k − 1)].
For k = 6, the increments are 0.06. Since k! = 720 orderings are enumerable, we compute the null
distribution of τ exactly rather than relying on the normal approximation, which is typically unreliable at
single-digit n. Enumerating all 720 permutations against a fixed reference ordering gives a null distribution
with mean 0 and standard deviation 0.355. Additionally, we note that the asymptotic expression

SE(τ) =

√︄
2(2k + 5)

9k(k − 1)
(4)

evaluates to 0.3549 at k = 6. It agrees with the exact standard deviation to four decimal places. The
approximation is therefore adequate here, but we report exact permutation p-values throughout.

Under this null, |τ | ≥ 0.733 is required for two-sided significance at α = 0.05 (exact p = 0.056). The
next attainable value, τ = 0.600, gives exact p = 0.136, so no weaker threshold reaches α = 0.10 either. In
other words, a six-trait ranking must agree almost perfectly with the reference before the agreement is
distinguishable from chance.
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Observed values. Table 7 reports the exact two-sided permutation p-values for the observed LLM–
human trait-ranking agreements on ELLIPSE. We observe that no judge’s trait ordering is distinguishable
from a random ordering of the same six traits.

C Detailed Related Work

C.1 LLM-as-a-Judge

LLMs as evaluators- now referred to as LLM-as-a-Judge-are being used to determine whether output is
within an established scope. Various surveys (Gu et al., 2024; Liu et al., 2023) provide systematic insights
into dimensions such as formal definition and formulation, applications, and limitations. Recent works
have demonstrated the use of LLM judges in diverse applications such as story evaluation (Chiang and
Lee, 2023), code comprehension(Yuan et al., 2023) and general open-ended tasks like Chatbot Arena and
MT-Bench(Zheng et al., 2023). Despite their promising performance and high alignment with human
evaluators in diverse settings (Kim et al., 2024; Liu et al., 2023; Zheng et al., 2023; Sottana et al., 2023),
even powerful LLM judges still exhibit known issues of hallucination (Ye et al., 2023; Huang et al., 2025),
factual errors (Wang et al., 2024), unfaithful chain-of-thought (Turpin et al., 2023), and bias(Gallegos
et al., 2024). Almost all these works report aggregate evaluation (overall ρ, accuracy, K). We extend
this work beyond the overall score by asking how do judges compose their holistic judgments from
fine-grained criteria?

C.2 Multidimensional Evaluation

Previous evaluation studies focused primarily on coarse-grained evaluations, limiting interpretability.
Recent studies like G-Eval have studied multidimensional evaluation in their framework. G-Eval(Liu
et al., 2023) proposes a foundational framework that uses GPT-4-turbo with chain-of-thought reasoning to
decompose given evaluation criteria into structured steps. Feng et al. (2025) introduces SaMer, a scenario-
aware multidimensional evaluator that is capable of adapting evaluation dimensions based on query
context. Works such as FLASK (Fine-Grained Language Model Evaluation) (Ye et al., 2024), LMUnit
(Saad-Falcon et al., 2024), HD-EVAL (Liu et al., 2024), and Yu et al. (2025) demonstrate the effectiveness
of decomposed evaluation enabling interpretable assessment and improved human-LLM evaluation
agreement. However, these frameworks focus on improving evaluation quality through structured criteria,
not on diagnosing why and where misalignment occurs. These frameworks use decomposition to improve
evaluation quality by designing better rubrics or better prompting. None of them systematically explore
the compositional relationship between traits and overall scores or explore if decomposition adds genuine
diagnostic value. We complement these approaches by providing analytical tools to determine whether
decomposition is worthwhile for a given rubric before deploying it.

C.3 Attribution and Interpretability

Recent work on LLM explainability has focused on different granularities of interpretation. SHAP
(Lundberg and Lee, 2017) and LIME (Ribeiro et al., 2016) provide foundational feature attribution
methods, token-level attribution methods (Horovicz and Goldshmidt, 2024) apply SHAP to individual
tokens, while (Chen et al., 2025) extract locally linear decision surfaces from LLM internal representations.
Attribution-informed methods have been successfully explored for human-AI alignment. Turner et al.
(2024) introduces activation engineering that modifies activations in inference time to steer the model
outputs in a specific direction. They suggested that activation engineering can flexibly re-target LLM
behavior without damaging general performance. The SHAP / LIME-based dense reward shaping
framework in (Koo et al., 2025) shows a 10–15% improvement in the RLHF pipeline for LLM alignment.
This technique directly addresses credit assignment, precisely the challenge facing multidimensional
evaluation agents that must attribute overall quality to specific attributes such as helpfulness, harmlessness,
and honesty. Previous work considers attribution at token or representation level. We apply attribution
methods at the evaluation trait level.
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D Attribute Types- Illustrative examples

• Verifiable: These traits have concrete, checkable referents in the source material: accuracy (can
verify claims against source), coverage (can check which key points are included), uses_knowledge
(can verify factual content), content (can assess idea coverage against prompt). These consistently
report higher alignment (ρ = 0.55–0.82).

• Semi-Objective: Semi-objective traits are intermediate — they have partial verifiable markers but
also require judgment: conventions (grammar/spelling errors are checkable, but what counts as "good
conventions" is partly subjective), organization (structure can be observed, but quality of structure is
judged).

• Subjective:Subjective traits generally represent holistic judgment without a concrete external referent:
coherence (logical flow — no checklist), natural (human-likeness — inherently subjective), engaging
(reader experience), phraseology (expression quality). These consistently achieve lower alignment (ρ
= 0.29–0.48).

E LLM Judges

For each model-task combination, we test three prompting strategies:

Rubric-based We provide a detailed definition and explicit scoring criteria for all fine-grained evaluation
measures and the overall quality measure.

Attribute-First In this setup, we explicitly instruct LLM judges to score fine-grained measures before
evaluating the overall quality, forcing bottom-up aggregation.

Chain-Of-Thought (CoT) We introduce explicit step-by-step reasoning for every dimension before
scoring.

We follow the annotation guidelines provided in the relevant work to design evaluation prompts for
LLM judges. We adopt evaluation frameworks from dataset documentation (Stiennon et al., 2020; Mehri
and Eskenazi, 2020; Mathias and Bhattacharyya, 2018), which are used and validated through previous
works. Output is returned as structured JSON containing scores and reasoning for each trait and overall
quality.

F Rubric Geometry

We characterize rubrics through two structural properties derived from the singular value decomposition
(SVD) of the trait score correlation matrix:

Effective rank. The number of independent dimensions in the trait space, computed as the exponential
of the Shannon entropy of the normalized singular values:

eff_rank = exp

(︄
−
∑︂

i

pi log pi

)︄
, pi = σi/

∑︁
j σj (5)

An effective rank of 1.0 means all traits measure essentially the same underlying quality; an effective
rank equal to k (the number of traits) means all traits are fully independent. This provides a continuous,
principled measure of trait independence.

Condition number. The ratio of the largest to the smallest singular value (σmax/σmin), indicating
the numerical stability of weight estimation. When the condition number is high, multiple weight
configurations fit the data equally well, making it impossible to reliably determine which traits the
evaluator considers most important.

909



G Targeted Perturbation Validation

Correlational alignment establishes association between LLM and human trait scores but not trait-specific
sensitivity: an LLM judge might assign “cohesion” scores from surface cues that correlate with cohesion
in the training distribution without tracking cohesion-specific quality changes. To test this, we construct
targeted perturbation experiments on the ELLIPSE dataset.

Perturbation generation. For each of 5 target traits (cohesion, conventions, grammar, phraseology,
vocabulary) and each of 300 essays, we generate a perturbed version that specifically degrades the target
trait while preserving other qualities. Perturbations are generated by rules with trait-specific degradation
instructions. We measure perturbation magnitude through character change percentage, word change
percentage, and sequence similarity ratio, confirming that perturbations vary in intensity across traits
(from <1% for vocabulary to 57% for cohesion).
We do not assume edits are perfectly isolated. We verify the perturbation localization as follows: 1)
The perturbations are generated with trait-specific instructions, and their magnitude is measured per trait
(character/word change and sequence similarity; refer to Appendix), confirming the intended intensity
and that the null control is near-zero; 2) It is observed that the non-target score change is consistently
smaller than the change for the target trait across both judges (refer to Non-target mean ∆ in Table 5).
This suggests concentrated degradation in the intended dimension rather than uniform spread; and 3) The
null control of the vocabulary (< 0.1% character change) yields negligible drift, thus ruling out spurious
global responses.

Evaluation. Both original and perturbed essays are scored by two LLM judges: Claude Sonnet (a
competent judge from our main analysis) and LLaMA-3.1-8B (a smaller model, testing the effect of
capacity). Judges score 5 traits plus overall quality for each essay.

H ELLIPSE alignment details

On deeper analysis of the essay evaluation (ELLIPSE), Gemini shows the strongest overall alignment with
humans (ρ = 0.739), followed by GPT (0.698) and Claude (0.681). At the trait level, mean correlation is
0.692 for Gemini, 0.637 for Claude, and 0.597 for GPT.

I Interpretation and scope

We draw a deliberately narrow conclusion from trait-ranking τ values. The correct reading is not that
the LLM–human trait agreement is weak, since the data cannot support such a claim at this power. The
correct reading is that no human-aligned trait ordering is detectable, viz., the observed agreements are
consistent with chance. This is the weaker claim statistically and the stronger claim substantively, since it
withholds any assertion that a faint alignment exists.

Two scope conditions follow. First, this power limitation applies specifically to the trait-ranking
comparison, which is bounded by k. It does not apply to the overall-score alignment, the recoverability, or
the ADT reweighting benefit. All three are estimated over the full sample of texts (n = 1,031) and are
correspondingly well powered. The conclusions drawn from those quantities are unaffected.

Second, the same bound applies to the internal attribution-agreement values, which are also τ over k = 6
traits. Individually, only GPT’s perfect internal agreement reaches significance (τ = 1.00, p = 0.003).
Gemini’s (τ = 0.733, p = 0.056) and Claude’s (τ = 0.467, p = 0.272) do not. We therefore do not claim
that each judge’s attribution is individually significantly self-consistent. Importantly, the load-bearing
observation is the contrast between the two sets of values, viz., internal agreements of 0.47 to 1.00 against
human agreements of −0.07 to 0.20. Both are estimated by the same statistic on the same k items. The
contrast is therefore not attributable to the power of the estimator, since both sides share it.

910



Table 4: Trait-to-overall compositionality across tasks, models, and prompts

Task Model Prompt ρ MAE Within-1 Bias R2 Top Dimension
Dialogue Claude CoT 0.587 1.638 40.00% 1.638 0.834 engaging (34.8%)
Dialogue Claude Rubric 0.496 1.383 58.30% 1.383 0.764 natural (28.8%)
Dialogue Claude attribute-first 0.572 1.475 51.70% 1.475 0.797 engaging (36.8%)
Dialogue GPT5 CoT 0.5 1.017 78.30% 0.983 0.857 maintains_context (31.3%)
Dialogue GPT5 Rubric 0.571 0.917 88.30% 0.85 0.676 maintains_context (32.0%)
Dialogue GPT5 attribute-first 0.626 0.867 86.70% 0.833 0.922 engaging (36.4%)
Dialogue Gemini CoT 0.515 1.1 71.70% 0.933 0.844 engaging (30.9%)
Dialogue Gemini Rubric 0.633 0.767 88.30% 0.733 0.888 engaging (34.0%)
Dialogue Gemini attribute-first 0.418 1.15 73.30% 0.95 0.883 engaging (33.6%)
Dialogue Mistral CoT 0.418 1.593 44.10% 1.593 0.687 uses_knowledge (29.6%)
Dialogue Mistral Rubric 0.377 1.136 71.20% 1.102 0.717 natural (34.2%)
Dialogue Mistral attribute-first 0.448 1.322 62.70% 1.322 0.720 engaging (41.6%)
Essay Claude CoT 0.522 1.299 60.80% 1.299 0.939 sentence_fluency (68.4%)
Essay Claude Rubric 0.577 0.845 85.60% 0.845 0.934 sentence_fluency (38.5%)
Essay Claude attribute-first 0.534 1.237 67.00% 1.237 0.856 sentence_fluency (51.4%)
Essay GPT5 CoT 0.531 1.485 46.40% 1.485 0.675 word_choice (43.3%)
Essay GPT5 Rubric 0.346 1.01 76.30% 0.969 0.784 word_choice (57.0%)
Essay GPT5 attribute-first 0.566 1.495 45.40% 1.495 0.805 word_choice (50.4%)
Essay Gemini CoT 0.508 1.32 58.80% 1.32 0.882 word_choice (50.6%)
Essay Gemini Rubric 0.628 0.784 89.70% 0.784 0.842 sentence_fluency (24.9%)
Essay Gemini attribute-first 0.565 1.361 58.80% 1.361 0.884 sentence_fluency (40.0%)
Essay Mistral CoT 0.385 1.093 73.20% 1.052 0.806 organization (31.6%)
Essay Mistral Rubric 0.45 0.701 92.80% 0.515 0.805 sentence_fluency (25.4%)
Essay Mistral attribute-first 0.431 0.938 78.40% 0.938 0.812 sentence_fluency (44.7%)
SUMM Claude CoT 0.686 1.185 65.80% 0.639 0.931 coverage (64.9%)
SUMM Claude Rubric 0.704 1.198 62.90% 0.611 0.945 coverage (82.7%)
SUMM Claude attribute-first 0.679 1.144 67.20% 0.357 0.909 coverage (60.2%)
SUMM GPT5 CoT 0.621 1.234 63.50% 0.273 0.909 coverage (66.1%)
SUMM GPT5 Rubric 0.65 1.229 62.90% 0.38 0.869 coverage (87.4%)
SUMM GPT5 attribute-first 0.632 1.215 64.90% 0.012 0.900 coverage (63.2%)
SUMM Gemini CoT 0.615 1.426 58.20% 0.623 0.919 coverage (72.4%)
SUMM Gemini Rubric 0.695 1.212 65.20% 0.572 0.891 coverage (79.4%)
SUMM Gemini attribute-first 0.614 1.36 59.90% 0.47 0.907 coverage (69.9%)
SUMM Mistral CoT 0.577 1.344 60.90% -0.301 0.876 coverage (70.6%)
SUMM Mistral Rubric 0.473 1.495 51.50% -0.09 0.822 coverage (90.1%)
SUMM Mistral attribute-first 0.473 1.629 53.50% -1.107 0.844 coverage (49.9%)
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Table 5: Targeted perturbation results. Negative specificity indicates that the targeted trait drops more than the
average non-target traits.

Judge Target trait Target ∆ Non-target Specificity Overall ∆
[95% CI] mean ∆ [95% CI]

LLaMA-3.1-8B conventions -0.400 [-0.570, -0.240] -0.146 -0.254 [-0.370, -0.136] -0.21
LLaMA-3.1-8B grammar -0.292 [-0.416, -0.180] -0.128 -0.164 [-0.252, -0.081] -0.11236
LLaMA-3.1-8B cohesion -0.067 [-0.157, 0.011] 0.004 -0.072 [-0.155, 0.007] 0.011236
LLaMA-3.1-8B vocabulary 0.000 [0.000, 0.000] -0.004 0.004 [0.000, 0.013] 0
LLaMA-3.1-8B phraseology 0.000 [-0.106, 0.096] -0.030 0.030 [-0.036, 0.096] -0.05319
Claude cohesion -0.131 [-0.188, -0.074] -0.058 -0.072 [-0.121, -0.023] -0.06711
Claude conventions -0.211 [-0.268, -0.154] -0.099 -0.112 [-0.160, -0.064] -0.13378
Claude grammar -0.154 [-0.204, -0.104] -0.113 -0.041 [-0.084, 0.003] -0.1505
Claude phraseology -0.071 [-0.117, -0.017] -0.106 0.035 [-0.013, 0.082] -0.10774
Claude vocabulary -0.071 [-0.114, -0.017] -0.017 -0.054 [-0.096, -0.013] -0.0303
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Table 6: Attribution divergence with respect to human across models and tasks

Task Model Prompt MeanAbsGap MaxAbsGap
Dialogue Claude Attribute-first 9.58617 11.17741
Dialogue Claude CoT 10.51147 14.54501
Dialogue Claude Rubric 5.845067 11.69013
Dialogue GPT Attribute-first 6.582695 12.61899
Dialogue GPT CoT 8.008508 16.01702
Dialogue GPT Rubric 5.970185 6.587025
Dialogue Gemini Attribute-first 4.472784 7.105544
Dialogue Gemini CoT 3.810048 7.620096
Dialogue Gemini Rubric 6.435775 11.58014
Dialogue Mistral Attribute-first 7.546183 15.09237
Dialogue Mistral CoT 2.7277 5.450091
Dialogue Mistral Rubric 8.524175 17.04835
Essay Claude Attribute-first 19.58394 41.73973
Essay Claude CoT 24.15037 58.76696
Essay Claude Rubric 20.10106 41.45862
Essay GPT Attribute-first 16.90706 41.36806
Essay GPT CoT 14.18025 34.26387
Essay GPT Rubric 22.31621 47.95149
Essay Gemini Attribute-first 17.82395 30.37357
Essay Gemini CoT 18.97092 41.55763
Essay Gemini Rubric 14.05708 28.03101
Essay Mistral Attribute-first 19.96702 35.22933
Essay Mistral CoT 14.83902 36.74466
Essay Mistral Rubric 14.86442 32.36997
Summarization Claude Attribute-first 13.88609 20.82913
Summarization Claude CoT 10.79387 16.1908
Summarization Claude Rubric 3.736321 5.604481
Summarization GPT Attribute-first 11.91422 17.87133
Summarization GPT CoT 9.973803 14.9607
Summarization GPT Rubric 5.611594 8.417392
Summarization Gemini Attribute-first 7.400979 11.10147
Summarization Gemini CoT 5.770958 8.656437
Summarization Gemini Rubric 1.674108 2.511162
Summarization Mistral Attribute-first 20.79654 31.19481
Summarization Mistral CoT 9.335588 14.00338
Summarization Mistral Rubric 6.656842 9.985262

Judge τ (LLM vs. human) z exact two-sided p

Claude −0.067 −0.19 1.000
Gemini +0.200 +0.56 0.719
GPT +0.200 +0.56 0.719

Table 7: Exact permutation test for LLM–human trait-ranking agreement on ELLIPSE (k = 6 traits, 720 enumerated
orderings). z is the observed τ in units of the exact null standard deviation (0.355).
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