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Abstract

Individual judges on LLM-as-a-judge panels provide correlated signals about the
same underlying fact, which results in diminishing information gains as panel size
increases. We ask whether agreement among LLM judges arises from shared word-
ing or from a shared evaluative belief. We hold a 6-judge panel of frontier LLMs
from 2 model families and vary only the view of each item, comparing meaning-
preserving rewrites with identical input and shared paraphrasing on ChaosNLI-
MNLI and RewardBench Chat/Chat Hard. If wording drives agreement, distinct
views should raise the panel’s effective sample size by at least +0.5 votes and out-
perform a noise-matched control. They do not. The gains are +0.12 and −0.02 on
the tasks, respectively, both consistent with zero. Of the 47 items that all six judges
answered incorrectly at baseline, 26 remain unanimous errors after rewording, and
all 7 unanimous preference failures persist. Our work indicates that, for this panel
and these tasks, agreement is not diversifiable by changing surface form and is
better read as a convergent belief about the item’s meaning. Code is available at
https://github.com/shayanamir0/surface-form-or-shared-belief.

1 Introduction

LLM-as-a-judge panels assemble models from different providers and combine their labels by
majority vote [Zheng et al., 2023, Verga et al., 2024]. The implicit assumption is that provider
diversity translates into error diversity. Recent work shows that this assumption fails. A nine-judge
frontier panel carries roughly two effective votes because the models err on the same items [Kohli,
2026]. Correlated errors grow worse among stronger models [Kim et al., 2025], open-ended prompts
collapse toward homogeneous outputs [Jiang et al., 2025], and better aggregation rules cannot recover
information that no judge contributed [Kohli, 2026, Dorner et al., 2025].

These findings establish that agreement exists but leave open the question of what produces it. One
possibility is that agreement is superficial. Judges receive the same string and encounter the same
lexical cues, the same ambiguities, and the same response ordering. Under this account, showing
each judge a different but meaning-equivalent version of the item should break the spell. Each judge
would develop its own private signal, error correlation would fall, and the panel would start behaving
more like a genuine jury.

A second possibility is that agreement reflects more fundamental commonalities among judges.
Even when models are trained by different organizations with different data mixtures and preference
objectives, they may arrive at the same internal evaluation of the underlying content. Under this
account, rewording the input would leave the error structure essentially unchanged because the judges
are not reacting to surface features of the text.
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We distinguish these explanations with a behavioral invariance test. We keep the models, items,
gold labels, and evaluation instructions fixed, and vary only what each judge sees. The primary
intervention gives every judge a distinct meaning-preserving rewrite of the same item. We compare
this against two controls. First, all judges receive the same paraphrase, allowing us to distinguish the
effect of seeing different views from the effect of paraphrasing itself. Second, we introduce matched
random label noise to test whether lower error correlation reflects useful information or produces
greater disagreement. Finally, we track items that all six judges answer incorrectly at baseline and
measure how often they persist across the panel after introducing distinct rewrites.

We run this test on two tasks. The first is a controlled NLI classification instrument with verified gold
labels. The second is pairwise response preference, which is the setting in which LLM judges are
commonly deployed. We find that across both tasks, distinct views fail the preregistered independence
criterion, shared failures remain shared, and a single shared paraphrase can actually make agreement
worse. The panel’s consensus behaves like one convergent judgment, repeated six times.

2 Experimental design

We describe the panel, the tasks and conditions, and the measurements that let us distinguish
diversified agreement from random disagreement. Full prompts and conditions appear in Appendix B;
model specifications and additional experimental details are in Appendix A.

Panel. The panel comprises six API models from two model families, spanning three capability
tiers each. From OpenAI we use gpt-5.6-sol, gpt-5.6-terra, and gpt-5.6-luna. From
Anthropic we use claude-opus-5, claude-sonnet-5, and claude-haiku-4-5-20251001. All
claims concern this specific panel, not the model ecosystem as a whole.

Tasks. D1 is ChaosNLI-MNLI [Nie et al., 2020], a three-way natural language inference task. We
sample 500 items stratified by human annotation entropy. Each item has 100 human annotations; the
gold label is the majority label among entailment, neutral, and contradiction. D2 is RewardBench v1
Chat and Chat Hard [Lambert et al., 2025], a pairwise preference task. We sample 300 items (150 per
category). Each item contains a user prompt and two candidate replies with a human-verified ranking.
The judge picks A or B. We randomize response order once per item, keep it fixed across judges, and
log the mapping to control for known position effects [Wang et al., 2024]. We do not run reasoning
or safety subsets.

Conditions. In the baseline condition C0, every judge receives identical instructions and item
text. In the primary intervention C2, gpt-5.6-luna generates six meaning-equivalent rewrites per
item and judge j receives view j. On D1 the generator rewrites the premise and hypothesis while
preserving truth conditions. On D2 it rewrites only the user prompt, leaving the candidate replies
untouched to protect the gold ranking. In the control condition C2b, all judges receive the same
rewrite (view 0), which separates input diversity from a generic paraphrase effect. Two secondary D1
conditions test other forms of input asymmetry. C1 assigns a distinct evaluation rubric to each judge,
and C3 gives each judge a distinct four-shot exemplar set drawn from 40 held-out items.

Measurements. Each judge is represented by a binary error vector against the gold labels: 1 if its
label disagrees with the gold label and 0 otherwise. From these vectors we compute pairwise error
correlation ϕ, its panel mean ϕ̄, and the Kish effective sample size neff = k/[1 + (k− 1)ϕ̄] for k = 6
[Kish, 1965]. The Kish neff captures how many truly independent votes the panel provides. A value
of 1 means the six judges behave as one; a value of 6 means full independence. Changes from C0 use
a paired bootstrap over items (10,000 replicates). When an intervention lowers ϕ̄ by some amount
δ, we construct a corresponding random-noise control by independently flipping C0 labels until ϕ̄
drops by the same δ. The intervention counts as useful only if its majority accuracy exceeds that of
the control.

The preregistered criterion for the surface-form account is intentionally demanding. C2 must increase
neff by at least +0.5, its confidence interval must exclude zero, C2b must show no material gain,
and C2 must beat its noise-matched control. Endpoints are tested separately by dataset and Holm-
corrected.
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Figure 1: Input asymmetry does not increase effective panel size. Points show changes in Kish
neff relative to C0; horizontal lines are paired-bootstrap 95% confidence intervals. Circles denote
per-judge views (C2), diamonds a shared paraphrase (C2b), and squares the secondary D1 conditions.
D1 is ChaosNLI and D2 is RewardBench; neff = 1 denotes complete redundancy and 6 denotes six
independent votes under the exchangeable approximation. Both primary intervals include zero, and
both upper bounds fall short of the preregistered +0.5 target.

Table 1: Primary intervention results. ∆neff is relative to C0; brackets give paired-bootstrap 95%
confidence intervals. Per-judge views do not improve effective panel size on either dataset.

Dataset Condition neff ϕ̄ Panel acc. ∆neff [95% CI]

D1 C0 shared input 1.706 0.503 0.728 —
C2 per-judge views 1.828 0.456 0.728 +0.122 [-0.015, 0.257]
C2b shared paraphrase 1.487 0.607 0.694 -0.219 [-0.333, -0.113]

D2 C0 shared input 2.051 0.385 0.897 —
C2 per-judge views 2.036 0.389 0.903 -0.015 [-0.179, 0.144]
C2b shared paraphrase 1.905 0.430 0.897 -0.147 [-0.347, 0.022]

3 Results

The baseline panel provides about two effective votes. Under C0, the six judges yield neff = 1.71
on D1 and 2.05 on D2. Majority accuracy is 0.728 on D1, barely above the best individual judge at
0.726, and 0.897 on D2, exactly matching the best judge. We observe that provider diversity does
not resolve the dependence. Furthermore, cross-provider error correlation is 0.49 on D1, which is
not materially lower than the within-OpenAI correlation of 0.54 or the within-Anthropic correlation
of 0.50. On D2, within-Anthropic agreement is actually lower than cross-provider agreement (0.31
versus 0.35), so the baseline deficit is not an artifact of the same model family. (Appendix C).

Distinct views do not diversify agreement. Figure 1 and Table 1 show the primary result. On D1,
giving each judge a different rewrite raises neff by only +0.12, and the confidence interval includes
zero. Panel accuracy remains unchanged at 0.728. On D2, neff changes by −0.02 and ϕ̄ does not
drop. Neither dataset clears the preregistered bar of +0.5. The Holm-adjusted p-values are 0.118 for
D1 and 0.992 for D2. On D1, where ϕ̄ does fall slightly, the observed majority accuracy of 0.728 is
indistinguishable from the corresponding noise control at 0.727. This indicates that the surface-form
account is unsupported on both tasks.

A shared paraphrase can make agreement worse. C2b moves in the opposite direction from
what either account would naively predict. Showing every judge the same rewrite lowers neff by
−0.22 on D1, with majority accuracy dropping from 0.728 to 0.694. The same direction holds on D2.
The shared paraphrase therefore increases, rather than reduces, error similarity. The secondary D1
interventions, distinct rubrics (C1) and distinct few-shot sets (C3), also stay near zero and neither
beats its noise-matched control.
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Figure 2: Per-model accuracy remains stable under distinct views. Each row is one judge; open
squares show C0, filled circles show C2, and connecting segments show the within-model change.
Vertical lines mark panel accuracy. No model improves consistently across both tasks, and the panel
changes by 0.000 on D1 and +0.007 on D2.
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Figure 3: Shared baseline errors remain shared after the wording changes. Bars partition the C0
items that all six judges answered incorrectly, showing their fate after each judge receives a distinct
view. Twenty-six of 47 ChaosNLI (D1) failures and all seven RewardBench (D2) failures remain
unanimous. No unanimous error becomes correct for all six judges.

The intervention does not reveal a hidden expert. Figure 2 shows that C2 does not produce a
consistent per-model gain. On D1 every individual judge’s accuracy decreases slightly, although
the majority is unchanged. On D2 there are small gains and losses that nearly cancel. This matters
because a fall in correlation can be manufactured by making individual voters noisier. Here, the
modest movement in neff is not accompanied by a stronger judge or a stronger panel.

Shared mistakes are invariant to wording. Across all judge-item pairs, labels remain unchanged
from C0 to C2 in 79% of D1 cases and 94% of D2 cases. The unanimous-error set is the most
revealing test (Figure 3). Of 47 items that all six judges got wrong under C0, 26 remain unanimous
errors after each judge sees a different rewrite and 21 split, but none becomes unanimously correct.
All seven unanimous D2 errors persist as well. By contrast, items that all six judges answered
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correctly at baseline almost never flip (D1 panel-flip rate 3.2%; D2 0%). Input asymmetry changes
some individual decisions while keeping the panel’s most strongly shared errors.

4 Discussion and limitations

The three controls jointly constrain how the null should be read. The shared-paraphrase condition
(C2b) shifts the panel’s error structure while per-judge rewrites (C2) do not, and the direction of that
shift is telling. A single rewrite shown to all judges raises error correlation, which reveals that the
panel is sensitive to surface form but that this sensitivity is common to the models rather than specific
to each. Our analysis therefore suggests that the judges agree on a property of the item’s content
rather than its phrasing, since per-judge wording leaves the error structure essentially unchanged.
The persistence of unanimous errors under C2 locates this dependence in how content is evaluated.
Taken together, the results are consistent with the suggestion of panel members sharing an evaluation
of the content rather than just reacting to its surface form.

Our interpretation aligns with several lines of related work. Models trained on different data appear
to converge on shared statistical structure [Huh et al., 2024]. Latent knowledge can be distinguished
from surface outputs [Burns et al., 2023]. Evaluative judgments across models collapse onto a
domain-general valence direction [Lu et al., 2025]. And LLM judgment appears to involve reusable
evaluator circuits that are distinct from output formatting [Feldhus et al., 2026]. However, these
connections are explanatory context since we do not identify an internal representation.

For practitioners, the distinction to hold onto is between counting models and counting evidence.
The six judges remain useful when they disagree, making a panel a natural alarm for ambiguous
cases. When they agree, however, majority vote provides little protection against a shared blind spot.
Genuine independence and diversification require a private information channel, for example, tool
execution, retrieval from distinct sources, or human review. Rewriting the input is not that channel.

Limitations. The panel covers two providers and six API snapshots, which may drift over time.
All views come from one paraphrase generator, and its fidelity was audited on a sample rather than
verified exhaustively. We cover one classification task and one preference task, not long-form or
multi-turn evaluations, which are more akin to real-world systems. On the preference task we rewrite
only the user prompt and leave the two candidate replies untouched, since altering them could modify
the gold label. Finally, error correlation ϕ and Kish neff capture one form of dependence, and “shared
belief” remains a behavioral interpretation rather than a mechanistic identification.

5 Conclusion

We tested whether LLM-judge agreement is a product of shared wording, and therefore diversifiable
at inference time. It is not. Panels are used under the assumption that different models would fail
in different ways, but meaning-equivalent, per-judge input rewrites do not split the panel’s shared
mistakes on either a controlled classification task or an ecological preference task; a shared paraphrase
can even tighten agreement. Until an external channel supplies information that the other judges do
not have, a panel majority is better read as one convergent evaluation of the content.
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A Extended experimental detail

Model configuration. OpenAI models use reasoning effort none. Anthropic Opus and Sonnet use
effort low; Haiku uses the default. Temperature is left unspecified because the Anthropic API does
not accept non-default sampling in this configuration.

D1 sampling. The 500-item test set is entropy-stratified across low, medium, and high human-
entropy terciles from the full ChaosNLI-MNLI pool of 1,599 items.

D2 design choices. We keep only Chat and Chat Hard, dropping math, code, and safety slices. We
avoid RewardBench 2 because some of its categories use LLM-derived gold, which is circular with
an LLM judge panel. A sample of 300 items is the cost-aware size at which neff estimates stabilize.

View generation. C2 views are generated by gpt-5.6-luna. On D1 the instruction preserves
truth conditions of premise and hypothesis separately while retaining the gold NLI relation. On D2 it
preserves the intent and constraints of the user prompt without answering it. A manual audit of 30
random D2 items confirmed that a human would still prefer the original chosen reply after the rewrite.

Position randomization. For every D2 judgment, A/B order is assigned at random (seeded per
item, shared across judges in C0 and C2b). Position bias is a known judge confounder [Wang et al.,
2024]; it is not a substitute for the view intervention.

Statistical testing. All ∆neff intervals use a paired bootstrap over items with 10,000 replicates. E1
and E2 are tested separately on D1 and D2 and Holm-corrected across the two datasets.

B Prompts and conditions

Judges return only a label. NLI instructions:

You are an impartial natural-language inference judge. Classify the relationship between
the premise and hypothesis using exactly one label: entailment, neutral, or contradiction.
Return only the label, with no explanation.

Preference instructions:

You are an impartial evaluator of AI assistant responses. Given a user prompt and two
responses, choose the response that is more helpful, correct, relevant, well-written, and safe.
Follow the user’s intent; do not prefer an answer merely because it is longer or appears first.
Return only A or B, with no explanation.

C2b assigns every judge view 0. C1 appends one of six rubrics (literal entailment, search for
counterexamples, formal paraphrase, quantifier/negation/scope, joint possibility then force, treat
unstated details as unknown). C3 prefixes four gold exemplars sampled per judge from a 40-item
held-out pool (seed 42 + j).
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C Additional figures
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Figure 4: Mean error ϕ within OpenAI, within Anthropic, and across providers, under C0 and C2.
Cross-provider agreement is not a reliable source of independence on this panel.
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D Additional tables

Table 2: Behavioral invariance from C0 to C2. Persistence is the share of C0 unanimous errors that
remain unanimous errors.

Dataset Label stability Unan. wrong Persist Unan. correct Panel flip

D1 ChaosNLI 0.790 47 0.553 220 0.032
D2 RewardBench 0.936 7 1.000 184 0.000

Table 3: Per-judge accuracy. Individual accuracy is essentially unchanged by C2; the panel does not
gain a new expert.

Judge D1 C0 D1 C2 D2 C0 D2 C2

Sol 0.712 0.706 0.897 0.897
Terra 0.726 0.684 0.877 0.863
Luna 0.680 0.670 0.810 0.823
Opus 0.706 0.680 0.843 0.837
Sonnet 0.706 0.700 0.843 0.870
Haiku 0.688 0.652 0.860 0.837
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