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Abstract

Agreement among LLM judges is widely used
as evidence that automated evaluation is reli-
able. Yet consensus may be stable without re-
flecting a shared understanding of quality. We
call this Evaluation Illusion: judges can pro-
duce detailed critiques while relying on over-
lapping surface cues or a common evaluation
instrument. In a fully crossed baseline study,
three frontier judges conduct 105,600 evalua-
tions of 32 models. First, for the two highest-
scoring models, moving from a shared five-
dimension rubric package to independently gen-
erated rubrics reduces agreement by 62%, a
joint contrast we term the Rubric Commen-
surability Problem. Second, nearly identical
model-level rankings coexist with substantially
weaker criterion-level agreement under non-
equivalent metrics and sample sets, yielding
the Resolution Paradox. We further introduce
MERG, a four-stage protocol that elicits task
knowledge and potential biases before scoring.
In a controlled comparison on the same models
at t=0.0, agreement decreases under indepen-
dently generated MERG rubrics. These results
do not establish that MERG scores are more
accurate; they show that consensus depends on
the evaluation instrument and analytical resolu-
tion at which it is measured.

1 Introduction

Large language models (LLMs) now rank models,
label preferences, and supply rewards in alignment
pipelines (Zheng et al., 2023; Chiang et al., 2024;
Lee et al., 2023). Agreement with humans is of-
ten used as a proxy for validity, while agreement
among judges is treated as evidence of consistency.
Results from MT-Bench, G-Eval, and AlpacaEval
helped establish both practices (Zheng et al., 2023;
Liuetal., 2023; Li et al., 2023; Chiang et al., 2024),
and rubric-based protocols made automated evalu-
ation appear still more systematic (Ye et al., 2024;
Kim et al., 2024a,b; Rao and Callison-Burch, 2026;

Wau et al., 2025). But agreement alone cannot estab-
lish that judges rely on substantive evidence rather
than merely similar signals.

This gap motivates Evaluation Illusion: appar-
ently expert judgments can converge even when
their scores remain sensitive to a shared instrument
or overlapping surface cues. We call the resulting
consensus a Shared Illusion when it is statisti-
cally stable yet epistemically shallow. Our quanti-
tative analyses measure sensitivity to rubric design
and aggregation; our case studies show how flu-
ent critiques can emphasize formatting, confident
tone, and structural polish. Figure 1 illustrates
the distinction. Two displayed baseline judges as-
sign very high scores to a polished pitch for a Chi-
nese online-education platform while overlooking a
placeholder license, an unsupported subsidy claim,
and the absence of a clear compliance pathway.
The agreement is real. Its meaning is not.

We introduce MERG (Metacognitive Enhanced
Rubric Generation) to probe whether such consen-
sus survives explicit deliberation. MERG adds
three pre-scoring stages in which each judge artic-
ulates task-relevant knowledge, anticipates surface
biases, and generates a rubric before conducting a
final evidence-based evaluation. The design is in-
spired by the distinction between fast heuristic and
slower deliberative processing (Kahneman, 2011).
Here, knowledge grounding means eliciting the
judge’s task-relevant knowledge; it does not im-
ply external verification. MERG and the associ-
ated statistic A g diagnose how agreement changes
under this intervention, not whether the resulting
scores are absolutely correct.

The study separates three empirical scopes. The
baseline fully crosses 32 LLMs, three frontier
judges, 100 writing tasks, and 11 temperatures,
yielding 105,600 evaluations. The controlled Orig-
inal MERG comparison and rubric ablations cover
the two models with the highest baseline scores,
DeepSeek-R1 and Qwen3-235B, using the same
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prompts and judge versions at t=0.0. A separate
Universal-rubric sweep spans all 11 temperatures
but contains missing outputs and uses a different
Gemini configuration; we therefore treat it as ex-
ploratory sensitivity evidence.

Our experiments yield three principal findings:

1. Agreement falls under Original MERG. At
t=0.0, mean agreement decreases from 0.615 to
0.224 for DeepSeek-R1 and from 0.673 to 0.254
for Qwen3-235B (Table 3). The exploratory
Universal sweep shows the same mean direc-
tion across temperature, but its design does not
support a controlled causal estimate.

2. The Rubric Commensurability Problem
(§3.3). Mean agreement is 0.239 with inde-
pendently generated rubrics and 0.622 with a
shared, Claude-generated five-dimension rubric
package. Moving to independent rubrics yields
a normalized reduction of 62%. This is a joint
protocol contrast: the shared condition also
fixes descriptions, weights, anchors, indicators,
Claude-derived metacognitive reminders, au-
thorship, and scoring procedure.

3. The Resolution Paradox (§3.2). Model-level
Spearman agreement of at least 0.984 coexists
with criterion-level Pearson agreement of 0.72.
These are non-equivalent summaries computed
with different metrics and sample sets, so their
0.27 difference is descriptive rather than a for-
mal decomposition. Nevertheless, the contrast
shows that near-identical model rankings need
not imply equally consistent fine-grained judg-
ments.

All judges preserve coarse tier separation, but
their finer-grained signals are substantially less con-
sistent. This mismatch is particularly relevant when
RLAIF deploys judges at the response level rather
than the model level. Agreement should be val-
idated with the evaluation instrument and at the
resolution of deployment. A provides one way
to audit that dependence.

2 Methodology

2.1 Experimental Design

Data. We sample 100 prompts from Writing-
Bench (Wu et al., 2025) by stratified sampling,
covering 12 to 19 prompts per domain and 94 of
the 100 subdomains, balanced between 50 English

The Anatomy of Evaluation Illusion

Sample #501. Investor pitch for a Chinese
online-education platform.

Output excerpt. “Al-driven vocational-education
leader”; “subsidy budgets grow 20% annually”; “Online

Education Service Certification: EDU2023-XXXX.”

Baseline: high scores under the shared rubric
Gemini 9.9: praises the polished formatting and
confident projections.

Claude 9.3: emphasizes professional tone and market
presentation.

Dimension means: Strategic Positioning 8.7,
Professionalism 8.7, Financial Credibility 7.3.
Neither displayed judge questions the placeholder
license, unsupported subsidy claim, or absent
compliance pathway.

MERG: 6.20-point score spread

Knowledge elicitation: judges articulate the “Double
Reduction” policy and online-education licensing
requirements.

GPT-5.1 3.7: flags the missing compliance pathway
and weak financial modeling.

Claude 4.5 Opus 6.48: identifies unresolved policy
risk and conflicting ARPU calculations.

Gemini 2.5 Pro 9.9: continues to reward presentation
and strategic viability.

Figure 1: Evaluation Illusion in Sample #501. The
same response receives markedly different score pat-
terns under the shared baseline rubric and independently
generated MERG rubrics. This illustrates sensitivity to
the evaluation instrument rather than establishing which
scores are more accurate. Full excerpts appear in Ap-
pendix D.4.

and 50 Chinese tasks, so the findings rest on near-
complete subdomain coverage rather than a narrow
slice. WritingBench spans six domains (Literature,
Education, Academic, Finance, Politics, Mixed)
from creative fiction to technical reports.

Models. We evaluate 32 LLMs spanning three
capability tiers:

. : Qwen2.5-{7B, 32B}, Qwen3-{4B,
8B, 14B, 30B-A3B}, Llama-3.1-8B, Llama-4-
Scout (raw pretrained).

e INSTRUCT (13): Qwen2.5-{7B, 32B, 72B},
Qwen3-{4B, 8B, 14B, 30B-A3B, 32B, 235B-
A22B}, DeepSeek-V3, InternLM3-8B, Llama-
3.1-8B, Llama-4-Scout (instruction-tuned).

e THINKING (11): DeepSeek-R1-0528, RI1-
Qwen3-8B, R1-Distill-{Llama-8B, Qwen-7B,
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Qwen-32B}, Qwen3-{4B, 8B, 14B, 30B-A3B,
32B, 235B-A22B} (reasoning and distilled rea-
soning models).

This spread provides a built-in calibration
regime. Base models often exhibit conspicu-
ous deficiencies on which judges should con-
verge, whereas Thinking models occupy the high-
scoring region where judgments require finer dis-
tinctions. Differences in agreement across tiers are
therefore informative rather than incidental. For
brevity we write DeepSeek-R1 for DeepSeek-R1-
0528 and QOwen3-235B for Qwen3-235B-A22B-
Thinking throughout.

Judges. The baseline and original MERG con-
ditions use Claude 4.5 Opus, Gemini 2.5 Pro,
and GPT-5.1. Drawing the judges from different
providers reduces the chance that agreement is an
artifact of a single model family or implementa-
tion. The baseline uses WritingBench’s checklist-
based rubric with 1 to 10 integer scoring. Every
one of the 32 models’ outputs (100 prompts each)
is scored by all 3 judges at all 11 temperatures
(t € {0.0,0.1,...,1.0}), giving a fully crossed de-
sign of 32 x 100 x 3 x 11 = 105,600 evaluation
instances. The exploratory Universal-rubric sweep
uses the same Claude and GPT versions but a Gem-
ini 2.0 Flash configuration; we therefore treat it
as a sensitivity analysis rather than a controlled
estimate of the MERG effect.

Metrics.
larities:

We measure agreement at three granu-

* Criterion-level Pearson r between judge pairs
per model x temperature cell. Cross-temperature
analyses use per-criterion scores (n ~ 500) for
the 30 models with complete criterion-aligned
records, excluding Qwen2.5-72B-Instruct and
InternLM3-8B-Instruct; the £=0.0 rankings use
per-prompt means (n =~ 100) for all 32 models
(Table 4).

* Cell-level absolute agreement via ICC(2,1), a
two-way random-effects single-measures met-
ric (Shrout and Fleiss, 1979), computed over all
352 cells (32 models x 11 temperatures) as an
n~100 subject x 3 rater design. Unlike r, it
penalizes systematic scoring biases.

* Model-level Spearman p across model means,
which captures ranking consistency.

We use the grand mean judge score 5 as an opera-
tional proxy for output quality and report paired dif-
ferences with Cohen’s d. We define the Knowledge-
Grounding Diagnostic:

AK = TMERG — TBaseline (1)

where A < 0 means that consensus weakens
after knowledge grounding; more negative values
indicate a larger loss of consensus under the inter-
vention.

2.2 Metacognitive Enhanced Rubric
Generation

We design MERG, a four-stage framework that
prompts LLM judges to move beyond heuristic-first
scoring by making task-relevant knowledge explicit
before evaluation (Table 1). MERG serves both
as a diagnostic probe of baseline consensus and
as a prescriptive framework for more substantive
evaluation.

Stage 1: Knowledge Activation. The judge artic-
ulates domain-specific knowledge (genre conven-
tions, quality benchmarks, and common pitfalls)
before examining any output, anchoring evaluation
in explicit expertise rather than implicit heuristics.

Stage 2: Metacognitive Reflection. The judge
identifies potential biases it might default to (e.g.,
favoring confident tone or professional formatting)
and articulates mitigation strategies, operational-
izing bias awareness (Wang et al., 2024; Wataoka
et al., 2024).

Stage 3: Dynamic Rubric Generation. The
judge synthesizes activated knowledge into a task-
specific rubric R with unique, deep dimensions.
For example, a Gothic horror task generates “At-
mospheric Dread Construction” instead of generic
“Style” (Table 7).

Stage 4: Calibrated Evaluation. The judge
scores each dimension independently with textual
evidence, then performs a final bias self-check. The
overall score is the weighted mean across dimen-
sions.!

Ablation Variants. We compare four variants on
the two models with the highest baseline scores
(DeepSeek-R1 and Qwen3-235B), summarized in
Table 2:

"Full prompt templates are in Appendix A.
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Table 1: Among the compared protocols, MERG
uniquely makes judge knowledge explicit. Existing
methods leave domain knowledge implicit or externally
specified; MERG prompts the judge to articulate task-
relevant knowledge and potential biases before scoring.

Table 3: Original MERG lowers agreement at t=0.0.
Mean Pearson r across the three judge pairs on the same
100 prompts. Each judge independently executes all
four MERG stages, using the same judge versions as
the baseline.

Method Rubric Knowledge Grounding Model Baseline Original Ag Rel.
Direct Score None Implicit N/A DeepSeek-R1 .615 224 —.391 —63.6%
G-Eval Static Implicit Template Qwen3-235B .673 254 —419  —62.3%
Prometheus Static Implicit User
WritingBench  Dynamic Implicit Query
MERG Dynamic  Explicit Metacog.

Table 2: Four variants compare how rubric sharing
changes agreement. Each variant holds the task and
outputs fixed but changes multiple aspects of rubric
generation or reuse (§3.3).

Variant Dimensions Source
Original Independent Each judge
5-Dim Shared Shared rubric Claude
Shared Stages ~ Shared stages 1-3 Claude
Universal Shared rubric Precomputed

1. Original. Each judge independently executes
all four stages, maximizing judge independence.

2. 5-Dim Shared. Claude generates one task-
specific rubric constrained to five dimensions.
All three judges share its dimension names, de-
scriptions, weights, scoring anchors, indicators,
and Claude-derived metacognitive reminders,
then score each dimension independently.

3. Shared Stages. Claude’s outputs from Stages 1—
3 are reused by Gemini and GPT, which inde-
pendently execute Stage 4. We report only the
Gemini/GPT pair because Claude authored the
shared context.

4. Universal. Precomputed rubrics are reused iden-
tically across judges and temperatures, repre-
senting maximal rubric control.

3 Results
3.1 Deconstructing the Shared Illusion

Table 3 presents the controlled comparison at
t=0.0. Under the original MERG protocol, where
each judge independently executes all four stages,
mean agreement falls from 0.615 to 0.224 for
DeepSeek-R1 and from 0.673 to 0.254 for Qwen3-
235B. Both comparisons use the same 100 prompts
and the same three judge versions as the baseline.
Figure 2 provides a separate sensitivity analy-
sis using the Universal-rubric variant across all 11

temperatures. Averaged over the three judge pairs
at each temperature, Universal-rubric agreement is
lower than the baseline for both models at every
temperature. Across all pair-temperature combi-
nations, the mean changes from 0.649 to 0.449 for
DeepSeek-R1 and from 0.680 to 0.526 for Qwen3-
235B; 61 of 66 individual pair-temperature differ-
ences are negative. Across the two models, Univer-
sal results are available for 1,637 of 2,200 Claude
judgments, 2,169 Gemini judgments, and all 2,200
GPT judgments, so correlations use the available
samples for each pair. Because the sweep also uses
a different Gemini configuration, it supports the
persistence of the mean gap but does not provide a
controlled estimate of the original MERG effect.

Interpretation. The controlled t=0.0 compar-
ison is consistent with independently generated,
knowledge-grounded rubrics surfacing disagree-
ments that a shared baseline instrument obscures.
The Universal-rubric sweep suggests that a lower
mean agreement can persist across decoding tem-
peratures, but its missingness and judge-version
difference require a descriptive interpretation.

Two additional observations provide con-
text. (1) Domain heterogeneity (§3.4): the
Universal-rubric shift varies by both domain and
model rather than following a uniform pattern.
(2) Score—agreement gradient: across 32 mod-
els at t=0.0, mean judged score and agreement are
negatively correlated (p = —0.513, p = 0.003,
n = 32; Table 4, full list in Table 8). Agreement
decreases from Base (0.81) to Instruct (0.77) and
Thinking (0.76), consistent with obvious failures
driving convergence on outputs from lower-scoring
models while outputs from higher-scoring models
admit greater evaluative variation.

3.2 The Resolution Paradox

Model-Level vs. Criterion-Level Agreement.
Model-level rankings are nearly identical across
judges at t=0.0 (Claude/Gemini p = 0.992,
Claude/GPT 0.992, Gemini/GPT 0.984; all p <
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Figure 2: Universal-rubric agreement remains below
baseline across temperature. Lines show the mean
Pearson r over three judge pairs; bands show pairwise
standard deviation, not confidence intervals. Correla-
tions use pairwise available samples, so this sweep is
descriptive rather than a controlled MERG estimate.

10~23). Across all 32 models and 11 temperatures,
the grand mean is p = 0.986 with SD = 0.006.
At the criterion level, however, Pearson agreement
averages only 7 = 0.72 across the 30 models with
complete criterion-aligned records and 11 temper-
atures (Appendix C). The descriptive difference
of 0.27 is the Resolution Paradox. Judge pairs
also differ systematically, with Claude/GPT high-
est (0.77), followed by Gemini/GPT (0.71) and
Claude/Gemini (0.69).

Tier Separation Check. All judges recover the
expected ordering: Base 5 = 3.05, Instruct 5 =
5.38, Thinking 5 = 5.96 (d = 2.42 over model
means, pooled SD = 1.20, for Base vs. Thinking;
pairwise ordering accuracy 83.9%; Appendix E).
The effect is therefore resolution-dependent: coarse
tier separation is preserved, while fine-grained
within-tier judgments are more fragile. All three
judges select the same five highest-scoring mod-
els at t=0.0, although their internal ordering is not
identical, a granularity that may also matter when
selecting RLAIF training pairs.

Three-Level Comparison. ICC(2,1) yields
ICC = 0.67 (SD = 0.10), lower than ¥ = 0.72.
The ordering pmoder = 0.986 > Teriterion = 0.72 >
ICC = 0.67 provides three increasingly stringent
but non-equivalent summaries of agreement; the
differences of 0.27 and 0.05 are descriptive rather
than a formal decomposition. Both criterion-level
and absolute agreement vary with mean judged
score: ICC is 0.75 for Base, 0.65 for Instruct,
and 0.63 for Thinking at ¢{=0.0, while the two
highest-scoring models show particularly low
absolute agreement (DeepSeek-R1, ICC = 0.38;

Table 4: Mean judged score and agreement move in
opposite directions (t=0.0, p = —0.513, p = 0.003,
n = 32). Left: the 5 highest- and 5 lowest-scoring
models by mean judge score 5, with their agreement 7.
Right: the 5 highest- and 5 lowest-agreement models.
Thinking models dominate the top of the score rank-
ing but exhibit lower agreement on average, whereas
Base models dominate the top of the agreement ranking.
Full 32-model list in Table 8. B =Base, T =Thinking,
Q=Qwen, L=Llama.

By mean score By agreement

# Model 5  # Model 7
1 DeepSeek-R1 7.77 1 Q3-30B-B .89
2 Q3-235B-T 6.83 2 L4-Scout-B .88
3 Q3-32B-T 6.72 3 Q3-14B-B .87
4 Q3-14B-T 6.69 4 Q25-7B-B .87
5 Q3-30B-T 6.62 5 Q2.5-32B-B .86

28 Q3-4B-B 3.33 28 Q3-235B-T .67
29 Q2.5-32B-B  2.97 29 Q3-4B-B 67
30 Q2.5-7B-B 220 30 DeepSeck-R1 .62
31 L4-Scout-B  2.04 31 RI-Q3-8B .60
32 L3.1-8B-B 1.22 32 L3.1-8B-B .60

Qwen3-235B, ICC = 0.52). Criterion-level
7 averaged over temperatures shows the same
gradient (Base 0.76 vs. Thinking 0.70). A separate
per-prompt analysis of all 32 models at {=0.0
likewise yields higher agreement for Base than
Thinking models (0.81 vs. 0.76). Model-level
summaries can therefore overstate the consistency
of the finer-grained signals used in response-level
evaluation.

3.3 The Rubric Commensurability Problem

Table 5 shows a sharp difference between indepen-
dently generated and shared rubrics. Mean agree-
ment is 0.239 when each judge constructs its own
rubric and 0.622 when all judges use a Claude-
generated, task-specific rubric constrained to five
dimensions.

¢ Independent rubrics (Original). When each
judge generates its own rubric, agreement is
7 = 0.224/0.254 (positive but weak at n ~ 100),
showing that judges construct substantially dif-
ferent evaluation frameworks.

* Five-dimension shared rubric. Sharing
complete rubric content raises agreement to
0.543/0.702 (Ar = +0.319/4-0.448). This con-
dition jointly shares dimension names, descrip-
tions, weights, scoring anchors, indicators, and
metacognitive context; it does not isolate any one
component.
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Table 5: Shared rubric design strongly affects mea-
sured agreement. Pearson r across MERG variants.
The 5-Dim Shared condition reuses a complete Claude-
generated rubric and Claude-derived metacognitive re-
minders, not only dimension names; Shared Stages
therefore reports only Gemini/GPT. Values are com-
puted from unrounded pairwise correlations.

Method C/G C/GPT G/GPT Avg
DeepSeek-R1
Original A55 237 281 224
5-Dim Shared .526  .514 588 543
Shared Stages  — - .606 -
Universal 678  .668 420 589
Owen3-235B
Original 308 267 189 254
5-Dim Shared .745  .682 .680  .702
Shared Stages  — - .649 -
Universal 747 719 308 591

* Shared Stages. When Claude’s Stages 1-3 are
reused, the comparable Gemini/GPT correlation
is 0.606/0.649, a change of +0.018/—0.031 rel-
ative to the five-dimension shared condition.

* Universal. Reusing precomputed rubrics yields
7 = 0.589/0.591. The asymmetric pairwise
pattern—7r = 0.67 to 0.75 for Claude-involving
pairs and 0.31 to 0.42 for Gemini/GPT—shows
that tighter rubric control does not guarantee uni-
formly higher agreement.

Across the two models, moving from the five-
dimension shared condition to independently gen-
erated rubrics produces a normalized agreement
reduction of 62%. Because the conditions differ
in rubric content, authorship, dimension constraint,
metacognitive reminders, and scoring procedure,
this value describes their joint contrast rather than
the isolated effect of dimension names. The re-
sult nevertheless demonstrates that measured agree-
ment depends strongly on how much of the evalua-
tion instrument judges share (Figure 3).

3.4 Domain- and Model-Dependent Shifts

Domain Analysis. The exploratory Universal-
rubric sweep produces different domain profiles
for the two models (Figure 4).

* DeepSeek-R1. Agreement increases in Aca-
demic and Engineering (Ax = 40.27), Edu-
cation (+0.22), and Advertising and Marketing
(4+0.10), but decreases in Literature and Arts
(—0.06), Finance and Business (—0.17), and Pol-
itics and Law (—0.20).

—+ Pair min-max < Gemini/GPT only

o DeepSeek-R1 Qwen3-235B
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Figure 3: Agreement depends strongly on rubric
sharing. Bars show mean Pearson r; whiskers show
the judge-pair range. Shared Stages reports only Gem-
ini/GPT because Claude authored the shared context.
The contrast changes rubric sharing, dimensionality,
and scoring jointly.

Table 6: The Universal-rubric shift reverses across
model-language pairs. Agreement at t=0.0 under the
baseline and Universal-rubric protocols. Positive A
denotes increased agreement in the exploratory Univer-
sal condition.

Model Lang Baseline Universal Ag
DS-R1 EN .616 .682 +.07
DS-R1 ZH 621 423 —.20
Q3-235B EN .800 .608 —.19
Q3-235B ZH 543 .638 +.10

* Qwen3-235B. Agreement decreases in all six do-
mains, ranging from approximately —0.02 in Ed-
ucation and Academic and Engineering to —0.18
in Advertising and Marketing.

The DeepSeek-R1 profile is consistent with knowl-
edge grounding aligning judges in some codified
domains while exposing disagreement elsewhere.
Its absence for Qwen3-235B shows that this inter-
pretation is model-dependent rather than a general
property of the intervention.

Language Effects. Table 6 shows a model-by-
language cross-over in the exploratory Universal-
rubric sweep. DeepSeek-R1 gains agreement on
English but loses it on Chinese, while Qwen3-235B
shows the reverse. The interaction may reflect
model-specific language behavior, task composi-
tion, rubric variation, missingness, or the Gemini
configuration difference and should not be inter-
preted as a controlled language effect.

Qualitative Evidence. Qualitative analysis of
maximum-disagreement cases reveals three recur-
ring patterns: (i) Logical Verification vs. Format-
ting (pitch deck #501; Gemini 9.9 / Claude 6.48 /
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BN Increase WM Decrease

DeepSeek-R1

Academic &
Engineering
Advertising & +0.10
Marketing
Education - +0.22
Finance & .0.17
Business
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Politics & | _g.20
Law
T T T T T 1
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Ak (Universal — Baseline)
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T
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Figure 4: Universal-rubric shifts vary by domain and model. At t=0.0, A = FUpiversal — "Baseline- DeepSeek-
R1 increases in three domains and decreases in three, whereas Qwen3-235B decreases in all six. The exploratory
sweep includes missing outputs and a different Gemini configuration.

Table 7: MERG produces more task-specific dimen-
sion labels in this example. Rubric comparison for a
Gothic horror writing task (4 of 5 dimensions shown per
method). The baseline dimensions are generic, whereas
the MERG dimensions refer to conventions of Gothic
horror.

WritingBench MERG

Suspense Atmospheric Dread Constr.
Coherence Psychological Ambiguity
Style The Uncanny Familiar
Grammar Restraint in Revelation

GPT 3.7), where some judges audit content against
domain knowledge while others reward presenta-
tion; (ii) Concept Auditing vs. Keyword Matching
(patent #45; 10.0/6.43/3.2), where two judges de-
tect misuse of zero-knowledge proofs while another
matches technical keywords without checking their
semantics; and (iii) Substance vs. Outline (fiction
#739; 9.7/3.0/7.1), where judges differ on whether
a structural outline satisfies the requested deliver-
able. Table 7 contrasts the resulting rubric dimen-
sions; excerpts are in Appendix D.

Heterogeneity and Case Evidence. The
Universal-rubric shifts vary across domains,
models, and languages rather than following
a single pattern. The design limitations of
that sweep prevent us from attributing this
heterogeneity solely to knowledge grounding.
The original MERG case studies nevertheless
make the disagreements interpretable: judges
identify verifiable failures such as a regulatory
contradiction, fabricated financial data, and a
misused cryptographic primitive, while differing in

how heavily they weight those failures. Across the
100 DeepSeek-R1 cases analyzed in Appendix D,
Gemini assigns the higher score in 90% of its
pairwise comparisons with the other judges.

4 Discussion

What Agreement Is Measuring. Taken together,
the three results locate the problem in the eval-
uation pipeline rather than in agreement itself.
The Rubric Commensurability Problem shows that
sharing an evaluation instrument can substantially
change consensus; the Resolution Paradox shows
that aggregation can conceal weaker criterion-level
signals; and the original MERG comparison shows
that agreement can fall when judges independently
construct knowledge-grounded rubrics. The ex-
ploratory sweep further shows that these shifts vary
across models and domains. This complements
work on human annotation, where disagreement
can carry information about item difficulty (Plank,
2022). For LLM judges, a fluent critique is not
evidence of such grounding: detailed justifications
can still rest on the same shallow cues.

Implications for Reward Modeling. Prior work
documents reward overoptimization (Gao et al.,
2023; Rafailov et al., 2024) but leaves open whether
the weakness begins in the preference signal. Our
results identify two upstream vulnerabilities: a
shared rubric can make shallow consensus look
reliable, and model-level validation can conceal
weaker criterion-level agreement. The Resolu-
tion Paradox therefore raises a concern for RLAIF,
where judges validated by aggregate rankings may
be deployed as response-level preference signals.
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Auditing those signals with Ay and diversifying
rubric structures may help reduce this mismatch.

Practical Recommendations.

1. Audit agreement depth with A a negative
value indicates that consensus weakened under
the intervention, whereas a positive value in-
dicates increased convergence; either direction
requires substantive inspection.

2. Report rubric provenance, since agreement
induced by a common instrument should not be
conflated with independently convergent judg-
ment.

3. Match evaluation depth to the domain: re-
port domain- and model-specific effects rather
than assuming that knowledge grounding shifts
agreement uniformly.

4. Diversify RLAIF signals across rubric struc-
tures to reduce potential structural inflation.

5. Validate at the deployment resolution: model-
level ranking agreement does not establish the
reliability of per-sample preference signals.

5 Related Work

LLM Evaluation and Its Limitations. The
LLM-as-a-Judge paradigm (Zheng et al., 2023)
underpins leaderboards (Chiang et al., 2024),
benchmarks (Li et al., 2023, 2024b), chain-of-
thought evaluation (Liu et al., 2023), and fine-tuned
judges (Zhu et al., 2025); see Li et al. (2024a)
for a survey. These works often report aggregate
inter-judge agreement as evidence of reliability,
but rarely ask whether that agreement is surface-
level or substantive. Documented biases include
verbosity (Zheng et al., 2023), position (Wang
et al., 2024), self-enhancement (Wataoka et al.,
2024), and format (Li et al., 2024a, 2025), and
JudgeBench (Tan et al., 2025) shows frontier mod-
els perform marginally above random on hard eval-
uation tasks. Closest to us, Wu and Aji (2023) show
that judges prefer answers containing factual errors
over answers that are merely short or ungrammati-
cal, establishing that style can dominate substance
for an individual judge. Our contribution is orthog-
onal and complementary: we ask what happens
when judges agree. Style-over-substance is a claim
about accuracy; Evaluation Illusion concerns the re-
liability statistic itself: inter-judge agreement can

be induced by a shared instrument and may there-
fore provide less reassurance than it appears to. In
the settings studied here, the documented biases are
consistent with a shared surface-heuristic repertoire
when domain knowledge is not made explicit.

Rubric-Based Evaluation. Structured ap-
proaches include Prometheus (Kim et al., 2024a,b),
OpenRubrics (Liu et al., 2025), FLASK (Ye
et al., 2024), SedarEval (Fan et al., 2025),
domain-specific rubrics (Pathak et al., 2025),
AutoRubric (Rao and Callison-Burch, 2026), and
checklist methods that decompose evaluation into
binary items (Lee et al., 2025; Zhang et al., 2026;
Li et al., 2024c). Rezaei et al. (2025) elicit rubrics
from pairwise comparisons; LitBench (Fein et al.,
2025) provides debiased human annotations for
creative writing. These methods aim to improve
evaluation; we instead use rubric variation as a
diagnostic and show that sharing a rubric can
substantially alter measured agreement. Our
ablation changes several rubric properties jointly,
so it does not isolate which component drives the
effect.

Alignment and Metacognition. Gao et al.
(2023) established scaling laws for reward overop-
timization and Rafailov et al. (2024) extended them
to direct alignment algorithms like DPO (Rafailov
et al., 2023); Self-Rewarding LMs (Yuan et al.,
2024) use the model itself as critic. These works
locate divergence during optimization; we offer an
upstream complement, namely that the reward sig-
nal may already be a Shared Illusion beforehand.
Self-Refine (Madaan et al., 2023), Reflexion (Shinn
et al., 2023), and MENTOR (Shan et al., 2025) ap-
ply metacognition to generation; MERG applies
it to evaluation. Finally, Plank (2022) argues that
annotation disagreement carries signal about item
difficulty; we demonstrate the converse, that agree-
ment can itself be uninformative.

6 Conclusion

Agreement among LLM judges can be highly repro-
ducible without being knowledge-grounded. Our
fully crossed baseline comprises 105,600 evalua-
tions and reveals near-perfect model-level rankings
alongside weaker criterion-level and absolute agree-
ment. Separate experiments on two high-scoring
models show that agreement also differs sharply be-
tween independently generated rubrics and a shared
five-dimension rubric package. Under the con-
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trolled original MERG comparison, making task
knowledge and potential biases explicit before scor-
ing substantially lowers agreement on both inter-
vention models. The exploratory Universal-rubric
sweep shows that agreement shifts also vary across
models and domains, but its design does not sup-
port a causal interpretation of those differences.
The practical lesson is not to abandon LLM judges,
but to validate them at the resolution and with the
evaluation instrument at which they will be used.
Consensus should be treated as evidence only af-
ter the instrument itself has been examined as a
possible source.

Limitations

Our study has several limitations. First, we lack hu-
man ground-truth annotations, so we cannot claim
that MERG scores are absolutely more accurate,
only that agreement weakens under the controlled
original MERG comparison; collecting expert judg-
ments on the maximum-disagreement cases is a
natural next step. Second, our evaluation covers
creative and professional writing via WritingBench,
and generalization to exact-answer domains such
as code and mathematics warrants separate study.
Third, all three judges are proprietary models, so
the findings may not transfer to open-source or
fine-tuned judges (Zhu et al., 2025). Fourth, the
full MERG ablation was limited to the two models
with the highest baseline scores (DeepSeek-R1 and
Qwen3-235B), so broader evaluation is needed to
establish how the effect scales across model fam-
ilies. Fifth, the five-dimension shared condition
changes rubric content, authorship, dimensionality,
metacognitive reminders, and scoring procedure
jointly; it cannot isolate the effect of dimension
names. Finally, the Universal-rubric sweep con-
tains incomplete judge outputs and uses a different
Gemini configuration from the controlled baseline
comparison. Its temperature, domain, and language
patterns are therefore exploratory, and Ay should
be treated as a diagnostic rather than a quantity to
be maximized.

Ethics Statement

This work evaluates the reliability of LL.M-based
evaluation systems and does not involve human
subjects or personally identifiable information. All
evaluated model outputs are generated from the
publicly available WritingBench benchmark. We
use proprietary LLM APIs under their standard

terms of service. Our findings highlight potential
risks in over-relying on automated evaluation for
alignment, which we believe serves the broader
goal of responsible Al development. We note that
the concept of “Evaluation Illusion” should not be
used to dismiss LLM evaluation entirely, but rather
to encourage more rigorous evaluation practices.
The illustrative example in Figure 1 uses evaluation
scores from our experiments applied to a model-
generated pitch deck, not a real business plan.
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A  MERG Prompt Templates

We provide the core prompt templates for each
MERG stage. Variables in {braces} are filled at
runtime.

Stage 1: Knowledge Activation.

You are an expert judge. Before
evaluating, activate domain knowledge.

Task Type:
Query:

{task_type}
{query}

Activate knowledge in:

. Task Type Identification

. Genre-Specific Quality Standards
. Domain Knowledge Requirements

. Evaluation Challenges

Quality Indicators (good/poor)

b w N

Return as structured JSON.

Stage 2: Metacognitive Reflection.

Reflect on your evaluation process:

1. Biases: length, format,
familiarity, anchoring, halo

2. Blind Spots: possible omissions?

3. Attention: what needs focus?

4. Mitigation for each bias

Stage 3: Dynamic Rubric Generation.

Using knowledge and bias awareness,

generate a task-specific rubric:

- 5 dimensions (NOT generic)

- Each: name, weight, anchors
(2=poor, 5=o0k, 8=strong,
10=exceptional)

— Each with concrete criteria

Stage 4: Calibrated Evaluation.

Score each dimension independently:

1. Cite specific textual evidence

2. Apply anchors from Stage 3

3. Bias check: did heuristics
influence scoring?

4. Compute weighted mean score

B Full Model Rankings

The ranking reveals a clear tier-level pattern. All
8 Base models fall between ranks 20 and 32, oc-
cupying 8 of the 13 lowest positions, and their
mean agreement (7 = 0.81) exceeds that of Think-
ing models (¥ = 0.76). Individual models depart
from this trend: Llama-3.1-8B-Base has the lowest
agreement in the table (r = 0.595) despite ranking
last by score.

C Ciriterion-Level Agreement

Figure 5 summarizes criterion-level agreement
for the 30 models with complete criterion-
aligned records at 11 temperature settings (t €
{0.0,0.1,...,1.0}). Four patterns are visible:

Temperature Invariance. Across the 30 models,
criterion-level Pearson r changes little as tempera-
ture varies. This argues against the simple explana-
tion that disagreement arises mainly from stochas-
tic variation in judge outputs; even at t=0.0, where
sampling variability is minimized, agreement rarely
exceeds = 0.80.

Pair-Specific Hierarchy. A consistent hierarchy
emerges across models, with Claude/GPT agree-
ment generally highest (7 ~ 0.77), followed by
Gemini/GPT (7 = 0.71) and Claude/Gemini (7 =
0.69). This pattern is stable across Base, Instruct,
and Thinking tiers. Gemini also shows the largest
average score offset in the case-study sample, al-
though these statistics do not identify its cause.
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Figure 5: Criterion-level agreement across 30 models. Each panel shows three judge-pair correlations over 11
temperatures; title color denotes the model tier (Base, Instruct, or Thinking). Agreement is broadly stable across
temperature, while its level varies across models and judge pairs.

Model-Type Effects. Averaged over tempera-
tures, Base models (light blue titles) show higher
criterion-level agreement (¥ ~ 0.76) than Think-
ing models (dark shading, © ~ 0.70). This inverse
relationship between mean judged score and agree-
ment supports the Resolution Paradox. Outputs
from lower-scoring models tend to contain readily
identifiable flaws that judges converge on, whereas
outputs from higher-scoring models leave more
room for differences in evaluative emphasis.

Per-Prompt Cross-Check. A separate analysis
of per-prompt mean scores for all 32 models at
t=0.0 shows the same broad pattern (Base 7 =
0.81 vs. Thinking 7 = 0.76). The lowest values in
this analysis are Llama-3.1-8B-Base (r = 0.595)

and DeepSeek-R1-Qwen3-8B (r = 0.603). The
two highest-scoring Thinking models also fall be-
low the Thinking-tier mean (DeepSeek-R1-0528,
0.615; Qwen3-235B, 0.673), although they are not
the two lowest-agreement models overall. Sev-
eral low-scoring Base models, including Llama-
4-Scout-Base and Qwen2.5-7B-Base, show agree-
ment near 0.88.

D Case Studies Under MERG

This section presents representative case stud-
ies illustrating how knowledge injection reshapes
judge behavior. All cases are drawn from the
MERG evaluation of DeepSeek-R1-0528-Thinking
and Qwen3-235B-A22B-Thinking, deliberately se-
lected to span the full agreement spectrum, from
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Table 8: Complete 32-model rankings at t=0.0. Mean
judged score and agreement are negatively correlated
(p = —0.513, p = 0.003). Agreement is lower on
average for the Thinking tier than for the Base tier, con-
sistent with the cross-model trend.

Rank Model Score Agr.(r)
1 DeepSeek-R1-0528-Thinking 7.77 .615
2 Qwen3-235B-Thinking 6.83 .673
3 Qwen3-32B-Thinking 6.72 776
4 Qwen3-14B-Thinking 6.69 794
5 Qwen3-30B-Thinking 6.62 780
6 Qwen3-235B-Instruct 6.50 764
7 Qwen3-32B-Instruct 6.39 762
8 DeepSeek-V3-0324 6.37 707
9 Qwen3-8B-Thinking 6.27 796

10 DeepSeek-R1-Qwen3-8B 6.08 .603
11 Qwen3-30B-Instruct 6.04 778
12 Qwen3-14B-Instruct 6.03 79
13 Qwen3-4B-Thinking 5.82 743
14 Qwen3-8B-Instruct 5.70 798
15 Qwen2.5-72B-Instruct 5.38 714
16 Qwen3-4B-Instruct 5.33 .820
17 InternLM3-8B-Instruct 5.09 172
18 DeepSeek-R1-Distill-Qwen-32B  4.94 .855
19 Qwen2.5-32B-Instruct 4.66 721
20 Qwen3-14B-Base 4.48 .874
21 Qwen2.5-7B-Instruct 4.42 .803

22 Llama-4-Scout-Instruct 441 812

23 Qwen3-8B-Base 4.26 .830
24 DeepSeek-R1-Distill-Llama-8B  4.22 .845
25 Qwen3-30B-Base 3.91 .894
26 DeepSeek-R1-Distill-Qwen-7B  3.63 .860
27 Llama-3.1-8B-Instruct 3.61 .839
28 Qwen3-4B-Base 3.33 .669
29 Qwen2.5-32B-Base 2.97 .863
30 Qwen2.5-7B-Base 2.20 873
31 Llama-4-Scout-Base 2.04 .880
32 Llama-3.1-8B-Base 1.22 595

near-perfect consensus to extreme divergence. Be-
cause many WritingBench tasks are in Chinese,
some judges produced Chinese-language reason-
ing; we present these verbatim and provide English
translations (marked “translated from Chinese orig-
inal”).

D.1 Case A: Agreement on Quality

Task. Commercial copywriting for a high-end
redwood furniture product detail page.

MERG Scores. Claude: 8.28, Gemini: 8.35,
GPT: 8.40 (spread = 0.12).

Analysis. After knowledge activation, all three
judges identified overlapping substantive strengths
while surfacing complementary weaknesses.

* Claude: “This copy achieves strong performance
across all dimensions, with particular excellence
in sensory persuasion and material expertise. The

brand narrative integration is effective though
incomplete (missing sub-brand differentiation).”

* Gemini: “Exceptional in its literary and nar-
rative craft but flawed in its functional execu-
tion. The scores for ‘Persuasive Brand Narra-
tive’ (9.5) and ‘Structural Craftsmanship’ (9.5)
are near-perfect [...] The lowest score, ‘Creative
Problem-Solving’ (4.0), is a direct consequence
of the writer’s failure to resolve the central ma-
hogany/redwood ambiguity.”

e GPT: “The most impressive aspect is the de-
tailed, credible depiction of materials and crafts-
manship, which is critical for high-end redwood
furniture [...] Brand voice is also robust: it con-
sistently communicates heritage, mastery, and
exclusivity while avoiding crass sales language.”

Baseline Comparison. At t=0.0, baseline
judges rewarded Brand Integration and Persuasive
Language (both 9.3) while assigning a lower Tech-
nical Accuracy score (4.7). Under MERG, all three
judges placed greater emphasis on material accu-
racy and cited concrete evidence for their assess-
ments, yet still converged on the final score. This
case illustrates agreement grounded in overlapping
substantive evidence rather than generic praise.

D.2 Case B: Agreement on Failure

Task. Financial analysis report on a major gam-
ing company’s overseas market performance.

MERG Scores. Claude: 4.53, Gemini: 4.60,
GPT: 4.68 (spread = 0.15).

Analysis. All three judges independently identi-
fied systematic data fabrication as a critical failure.

* Claude: “This response represents a significant
failure in financial analysis integrity despite its
professional appearance. While it accurately
cites verifiable figures from the source document
(Q4 revenue, growth rates, mobile proportions,
FEAFURXT metrics), it extensively fabricates over-
seas data that the source explicitly does not con-
tain.”

* Gemini: “The fatal issue is the systemic data
fabrication, which renders the analysis untrust-
worthy. This rightly results in a very low score
(3.0) in the two most heavily weighted dimen-
sions: ‘Accuracy & Fidelity’ (50%) and ‘Analyti-
cal Integrity’ (25%).”
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» GPT (translated from Chinese original): “7
EHERE - G EWEMES KRBT
T R R & TPk, 58 A Bk
F|"Strong" . Fl [...] SRTWIHRIEA IR rubric
FORE ) R, I S5 B TR E AR A 5 o AT IR
EE5AHEEEHEERBYER. XEX
X L 75 TH AR R SR E—— K & B AR S
EWCA S XS, DL R
5N ARPPU/DAU/E WLk R T2 FEE R,
B AR 7 IAERT R SRR 7 (Per-
formance in task completion, structural clarity,
and language expression is clearly above aver-
age, fully reaching “Strong” level [...] How-
ever, per the rubric’s hard constraints, “Finan-
cial Data Accuracy” and “Analytical Depth &
Uncertainty Management” are key dimensions:
the article has systematic problems: detailed
overseas revenue shares, regional structures, and
per-game ARPPU/DAU/revenue figures are fab-
ricated without adequate inference labeling or
source attribution.)

Interpretation. This case demonstrates that
MERG enables judges to converge on substantive
failures. In the baseline evaluation (Financial Data
Accuracy: 5.0), the fabrication issue was partially
masked by the report’s professional formatting.
Knowledge activation prompted all three judges
to scrutinize the factual support for the report, lead-
ing them independently to the same conclusion.

D.3 Case C: Knowledge-Driven Disagreement

Task. Patent disclosure document (& F]%2 JEE5)
based on an academic paper.

MERG Scores. Claude: 6.43, Gemini:
GPT: 3.2 (spread = 6.80).

10.0,

Analysis. This extreme disagreement reveals fun-
damentally different evaluation philosophies acti-
vated by domain knowledge.

* Gemini (10.0): Evaluated the document purely
on format and rhetorical execution: “For ‘Tech-
nical Depth’, the most heavily weighted dimen-
sion, the response provided a wealth of invented,
credible, and specific details that perfectly match
the ‘Exceptional’ anchor [...] its ‘Structural &
Linguistic Compliance’ was perfect.” Gemini’s
knowledge activation focused on patent docu-
ment structure rather than substance.

* Claude (6.43): Balanced format against content:
“A document that successfully follows patent dis-

closure conventions and makes reasonable at-
tempts at innovation extraction, but is under-
mined by significant technical accuracy issues
[...] primarily due to the critical misrepresenta-
tion of ZKP as an encryption mechanism rather
than a proof system.”

* GPT (3.2) (translated from Chinese original):
“KORKIERATE S 3] ZKP &5 AR 4 e =
ZHBCENMHEHR, LA ] £
BN STARFNLERS T3 T W R IS [...] SRV
W s TR SRR, M i S e L E
FAE BB, 2812 3.2 e A RIEE
E47 o 7 (Technical correctness is significantly
dragged down by ZKP concept misuse and ar-
bitrary parameter settings, making a high score
difficult [...] patent style and structure perform
well [...] Overall slightly above “medium,” con-
sidered a draft of above-average quality but with
obvious flaws, yielding a composite score of ap-
proximately 3.2.)

Baseline Comparison. At ¢=0.0, baseline scores
showed high agreement (Patent Structure: 8.0,
Content Extraction: 7.7). MERG exposed a con-
flict that the baseline consensus masked: should
a patent disclosure be evaluated primarily on its

formal completeness or its technical validity? The
judges reached sharply different conclusions af-

ter being prompted to activate task-relevant knowl-
edge.

D.4 Case D: The Formatting Trap

Task. Investor pitch for an online-education plat-
form in China (post-2021).

MERG Scores. Claude: 6.48, Gemini: 9.9, GPT:
3.7 (spread = 6.20).

Analysis. This case (also illustrated in Fig-
ure 1) exemplifies the core Evaluation Illusion phe-
nomenon:

¢ Gemini (9.9): “Demonstrates a masterful under-
standing of the core task: creating a persuasive
investment pitch within a complex regulatory
environment. It scores perfectly on ‘Strategic
Viability’ by turning policy constraints into a
competitive advantage [...] This is a benchmark
example of an ‘Exceptional’ response.” Gemini
activated knowledge about pitch deck conven-
tions but did not fully engage with China’s 2021
“Double Reduction” policy implications.
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* Claude (6.48) (translated from Chinese origi-
nal): “NWAEREHRFEILDRBEER: 1) 7%
EAREVHECER, X Ah B EdTech# 5
ML ERF, O ER A A E A B #
FHRBREEBSRZ 2, 2) ZREHE
i (RAS . BhaiR) mIEEsSEE,
RPXERRERERMAFEERE; 3) W5
TMAFENETE (ARPUITEES FHE
AFE) 5 4) FFSNTERZ 2 LRI AT IR
o (Several key flaws at the content level: 1)
completely ignores the Double Reduction pol-
icy, a necessary context for evaluating Chinese
EdTech investment. Though the document po-
sitions the company in vocational education, it
does not explain its policy safety;, 2) multiple
placeholders (patent numbers, province names)
instead of real data suggest this is more template
than genuine case; 3) financial projections con-
tain internal contradictions (ARPU calculations
don’t match claimed values); 4) competitive anal-
ysis lacks objectivity and verifiability.)

GPT (3.7) (translated from Chinese original):
“WH#EA NPT ERLEEFE, FMEeN
EIVADSEAE S S <Ak =GP s D) X319k
BRI ] WSS BREHMN
MW, FEERSEFTWAN, AP
- ARPU - RMb2 2 [BZHRIREL, HAL
ZPTERE BT A A HER AN AR T
[.] PPRLE R SR ELR, A2
PASCHE ™ IR 5B 00T, ALK B2 25 & VA
FETE 4 52 LAN, EH 3.7, DURBREE M5 A
5NN R ZBIAFHE - » (The project is
described as a Chinese vocational education plat-
form but completely ignores key regulations like
the “Double Reduction” policy, with no expla-
nation of online education licensing compliance
[...] Financials give a two-year projection but
lack per-business-line revenue splits, with con-
fused logic among user counts, ARPU, and enter-
prise clients, typical “stacking numbers without
building models” [...] Overall closer to a “story-
based promotional piece,” insufficient for serious
investment decisions, hence the final composite
score is set below 4 at 3.7, reflecting the imbal-
ance between structural highlights and content
deficiencies.)

Baseline Comparison. Baseline judges gave uni-
formly high scores (Strategic Positioning: 8.7, Con-
tent & Professionalism: 8.7, Financial Credibil-
ity: 7.3). The baseline consensus appears largely
driven by surface-level professionalism. Under

MERG, Claude and GPT applied regulatory knowl-
edge while Gemini continued to prioritize presenta-
tion, revealing large differences in how the judges
weight domain violations.

D.5 Case E: Cross-Model Consistency

Task. Professional film criticism essay compar-
ing two Chinese TV crime dramas.

MERG Scores. Claude: 6.10, Gemini: 5.90,
GPT: 5.80 (spread = 0.30).

Analysis. All judges converged on a “competent
but flawed” assessment, independently identifying
the same critical error:

+ Claude (translated from Chinese original): “3{
BRI HPAMNE SN LRI, B
BT —ERR LRI ME - BAFEIL
AREER: 1) REXESRIRE N R R
HAFELER, MEUMTLAEE: 2)
DTk Z BES R E, MR IERA
EWEFEREERANEAR, 3) RiERE
BR, BRI MRS 4) LB Z EIRE
MRBRr BN - FE6KE, XE—F

LIPS, AEREREREAN
B, BRIVEREHATEERIE - (The essay
performs adequately in structural organization
and narrative analysis, demonstrating a degree
of professional awareness and comparative per-
spective. However, several key issues exist: 1)
misidentifying Liu Huagiang as “Li Tianzhu” is
a major factual error that severely undermines
professional credibility;, 2) analysis lacks spe-
cific scene support, mostly consisting of gener-
alizations with limited substance behind ornate
rhetoric; 3) length falls short of requirements
with imbalanced coverage of the two dramas; 4)
conclusions lack deeper insights into crime genre
development. Overall, a mid-level film critique
with basic structure but insufficient depth, with
professional awareness but flawed execution.)

* Gemini: “Its mastery of academic structure, so-
phisticated language, and analytical method is ex-
ceptional, earning scores of 9.0 and 9.5 in those
dimensions. On the other hand, it fails the most
critical litmus test of the assignment, namely ba-
sic factual accuracy about a main character [...]
making it a high-quality failure.”

 GPT (translated from Chinese original): “#-4

FERn S 5-6 XA, RUPXE—1"E
FAERH AR BB - PEEREE M TR, BLE
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575 FIER [..] 8T, SCERER
P ZAIAEE S FRUAR F, 252
PCRC R4 IR AT B AR 4. BEFEEGE . A
Yot - RAMEE . RERBEF LA DFEER
53 ¥, REEARIL rubric 7-8 778 LL E
Fir Z SR B FL L I)E + HLHIHRAE" - > (Scores
cluster in the 5 to 6 range, indicating “adequate
but not outstanding.” Comparative structure is
clear, with correct direction in narrative and
character analysis [...] However, the article’s
professionalism is more reflected in language
and macro-level judgments, lacking matching de-
tailed evidence and specific analysis: arguments
on narrative technique, character arcs, relation-
ship networks, and genre innovation lack specific
scene support, failing to meet the rubric’s 7 to
8+ requirement of “solid evidence + mechanism
analysis.”)

Interpretation. This case shows that MERG can
preserve agreement even in a subjective domain
when judges anchor their assessments in verifi-
able evidence. Although Literature shows lower
agreement for DeepSeek-R1 in the exploratory
Universal-rubric analysis (Axg = —0.06; Figure 4),
the judges converge here on factual accuracy and
textual support while retaining room for aesthetic
differences.

D.6 Case F: Substance vs. Deliverable

Task. Creative fiction integrating a specified set
of prompt elements (Sample #739).

MERG Scores. Claude: 3.0, Gemini: 9.7, GPT:
7.1 (spread = 6.70).

Analysis. Unlike Cases C and D, the disagree-
ment here is not about domain facts but about what
artifact was requested.

* Gemini (9.7): awarded near-perfect marks for
“exceptional thematic synthesis” and “a masterful
integration of all prompt elements,” evaluating
the concept the response describes.

Claude (3.0): recognized that the model had
produced a sophisticated structural outline rather
than the requested narrative prose: “An outline,
however sophisticated, cannot score above 5 to

6 because it fails to deliver the requested deliver-
able.”

GPT (7.1): acknowledged the conceptual
strength but noted the writing remained at a plan-
ning stage, landing between the two.

Interpretation. This case isolates a failure mode
that rubric-based scoring can miss: a rubric that
omits deliverable compliance can assign high
scores to a well-structured outline despite its mis-
match with the requested artifact. It exemplifies
Substance vs. Outline and shows that knowledge
activation alone does not guarantee convergence
when judges disagree on the unit of assessment.

D.7 Summary of Patterns

Quantitative pattern. Across the 100 DeepSeek-
R1 samples evaluated with MERG, Gemini as-
signed the higher score in 90% of its pairwise com-
parisons with the other judges (mean 9.0 vs. Claude
7.1, GPT 6.9). Mean pairwise absolute differ-
ences were Claude/Gemini 2.32, Claude/GPT 1.10,
and Gemini/GPT 2.34; 78% of samples showed
a spread >2 points, 41% >3 points, and 19% >4
points. Gemini thus shows the largest positive score
offset and participates in the two lower-agreement
judge pairs (§3.2); these statistics do not by them-
selves identify the cause.

Qualitative patterns. Across these cases, three

patterns emerge.

1. Agreement after MERG cites more substan-
tive evidence. In Cases A, B, and E, the judges
cite material accuracy, data fabrication, and fac-
tual errors rather than only generic praise for
professional tone or clear structure.

2. Disagreement reveals evaluation philosophy.
In Cases C, D, and F, the disagreement is in-
terpretable, reflecting different weightings of
format vs. substance, structural completeness
vs. technical validity, and concept vs. deliver-
able.

3. Baseline agreement is often shallow. Across
the examined cases, baseline agreement is gen-
erally higher but more closely tied to surface
features that judges can assess without domain
expertise.

E Score Trajectories Across
Temperatures

Figure 6 displays mean-score trajectories for the
30 models with complete criterion-aligned records
across the full temperature range, complementing
the all-model ¢=0.0 rankings in Table 8.
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Figure 6: Coarse tier separation is robust across temperatures. Mean-score trajectories for the 30 models with
complete criterion-aligned records and three judges over ¢t € [0.0, 1.0]. At t=0.0, all judges recover the Base <
Instruct < Thinking tier ordering (Cohen’s d = 2.42 for Base versus Thinking in the full 32-model analysis), even
though finer-grained agreement remains weaker.

Three-Tier Score Hierarchy. Model tiers re- level rankings.
main well separated. Base models cluster around
s = 3.0 to 5.5, Instruct models around s 5.0
to 7.0, and Thinking models around s = 5.5 to
7.5. All three judges recover this ordering (Co-
hen’s d = 2.42 for Base vs. Thinking), showing

that their scores preserve coarse tier separation.

Judge-Specific Score Patterns. Judge-specific
offsets persist across temperatures. Gemini gener-
ally assigns the highest means, approximately 0.5
to 1.0 points above Claude and GPT across model
tiers, while Claude typically lies between the other
two judges. These stable offsets help explain why
absolute agreement (ICC) is lower than pairwise
correlation even when the trajectories have similar
shapes.

Score Compression among Top Models. Four
of the five highest-scoring models cluster be-
tween 6.62 and 6.83, a range of only 0.21 points;
DeepSeek-R1 is the exception at 7.77. This narrow
separation is precisely where preference learning
must distinguish “good” from “great,” and where
small judge-specific effects can invert response-
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Scale and Tuning Effects. Within the Qwen
families, larger variants generally receive higher
mean scores, but post-training regime matters
more than size alone: several smaller Thinking



models outrank larger Instruct and Base variants.
DeepSeek-R1-0528-Thinking and Qwen3-235B-
A22B-Thinking achieve the two highest mean
scores and exhibit agreement below the Thinking-
tier mean at t=0.0 (0.615 and 0.673, respectively).
This pairing reinforces the distinction between tier
separation at the model level and weaker agreement
at finer granularity.

Implications for RLAIF. Compressed score
ranges in the high-scoring tier, judge-specific score
offsets, and lower criterion-level agreement could
make an RLAIF system more sensitive to judge-
specific scoring patterns than to differences cap-
tured consistently across judges. This possibility
motivates the response-level validation discussed
in §4.
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