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Abstract

Large Language Model judges are widely
used to rank texts and text-generating systems
through pairwise comparison, and their relia-
bility is typically assessed via three proxies:
position bias, transitivity, and pairwise agree-
ment (self- or human-labeled). Because these
proxies drive judge selection and benchmark-
ing, a substantial literature reporting that judges
perform poorly on them risks steering practi-
tioners away from otherwise capable evaluators.
We argue this assessment is misleading. Under
the Bradley—Terry geometry underlying pair-
wise aggregation, each proxy is dominated by
close-rank-gap pairs, where inconsistency is
information-theoretically expected and individ-
ual verdicts contribute little to the aggregate
ranking; far-gap pairs carry the ranking signal
but barely move the proxies. We formalize
this argument and validate it in a controlled
simulation and on two human-rated corpora:
the proxies correlate only weakly with rank-
ing accuracy against gold, and their predictive
component concentrates in the far-gap regime.
Judges should therefore be assessed on rank-
gap-conditional metrics, ideally against human
rankings. Code at PLACEHOLDER.

1 Introduction

LLM-as-a-judge has become a central paradigm
for evaluating generated text across many domains
(Gu et al., 2025). However, a growing body of
work has documented systematic problems with
LLM-judges that fall broadly under the heading of
inconsistency, and several distinct forms have been
identified. Models exhibit run-to-run inconsistency,
returning different verdicts across repeated queries
under identical or near-identical settings. They
exhibit position bias — by far the most-discussed
failure mode — preferring one slot of a pairwise
comparison at rates well above chance. They also
exhibit non-transitivity at the level of the induced
preference graph.

A separate line of work has compared LLM
verdicts not to internal consistency criteria but to
individual pairwise judgments, focusing on hu-
man-LLM divergence at the pair level (Fein et al.,
2026; Zheng et al., 2023; Li et al., 2023, e.g.).
These two strands — internal inconsistency on the
one hand, and disagreement with humans on the
other — are typically treated as distinct problems.
However, the comparisons that dominate aggregate
inconsistency metrics are often the comparisons
that matter least for ranking recovery. We argue
that they are closely connected: They are both af-
fected by pair gap / difficulty, and because of this,
are both unreliable proxies of judge quality when
it comes to recovering human-derived rankings.

2 Related Work

Swapping two responses can flip a judge’s verdict

— a phenomenon documented early on by Wang
et al. (2024) and Zheng et al. (2023), and usually
addressed by balanced-position aggregation. Shi
et al. (2025) provide the most thorough analysis to
date and find that the gap between texts is a key
factor: pairs close in quality are affected far more
strongly than distant ones.

Xu et al. (2025) document non-transitivity in
pairwise rankings and show that, like position
bias, it concentrates on close pairs; they mitigate
it through round-robin tournaments and Bradley-
Terry (BT) aggregation. Wang et al. (2025) target
inconsistency directly and document that 85-90%
of transitivity violations are tie-driven and that
judge capability does not monotonically reduce
inconsistency. SAGE (Feng et al., 2025) evaluates
judges without requiring human-labeled compar-
isons around exactly these two axes and finds that
even top models fail on roughly a quarter of diffi-
cult cases. All of this work treats inconsistency as
a defect that needs to be reduced rather than asking
what its structure reveals about the judge.



Zheng et al. (2023) measure pair-level agreement
between LLM judges and humans directly and find
that this agreement is gap-conditional: the residual
disagreement concentrates on close pairs where hu-
mans also disagree. Thakur et al. (2025) argue that
aggregate alignment metrics are misleading prox-
ies for judge usefulness: judges with substantially
lower percent agreement can still produce ranking
correlations with humans that are nearly identical,
because consistent biases preserve relative order-
ing even when they distort absolute scores. We ex-
tend this line of argument along an orthogonal axis.
While Thakur et al. decompose by use case (scor-
ing versus ranking), we decompose by the rank
gap of the items being compared, and show that
aggregate inconsistency is dominated by close-pair
behavior that a calibrated judge often produces.

3 Theory

We aggregate pairwise verdicts under the BT model
(Bradley and Terry, 1952), the most robust rank-
ing algorithm for most use cases (Daynauth et al.,
2025). Under BT, each item ¢ carries a latent
strength 6;, and the probability that ¢ is preferred
to j is Pr(¢ > j) = o(0; — 0;), where o(z) =
(1 + =)~ is the logistic function. In a pair with
a true strength gap A = 6; — 0;, the two possible
outcomes have logarithmic probabilities log o(A)
and log o(—A), which differ by exactly |A|. Close
pairs are near-coinflips, and the two outcomes are
nearly equally consistent with the model; far pairs
are lopsided, and one outcome is much more con-
sistent than the other. A flipped verdict therefore

changes that pair’s log-likelihood contribution by
A:

* Close pair (A = 0): both outcomes have
nearly the same likelihood, so a flip is nearly
free under the model and exerts little pull on

6.

* Far pair (large |A|): the two outcomes differ
in log-likelihood by |A|, so a flip is strong
evidence against the current 6 and pulls the
MLE toward revising it.

This separates two failure modes that aggregate
metrics conflate. Close-pair self-inconsistency —
the judge flipping its own verdict across runs — is
Bayes-optimal noise: the BT model itself assigns
the two outcomes near-equal probability, so a flip is
consistent with the model and the recovered rank-
ing barely moves. Far-pair self-inconsistency, by

contrast, is where calibration error becomes visi-
ble: the model strongly predicts one outcome, so
absorbing a flip in the other direction forces 6 to
revise what the latent strengths must be. Noise of
the first kind is irreducible and does not systemati-
cally bias the recovered ranking; error of the sec-
ond kind does. The same |A|-weighting applies to
judge—human disagreement: when the judge’s ver-
dict diverges from the human verdict, the induced
shift in 6 is again largest in the high-|A| regime,
while close-pair disagreement is bounded below
by the noise human annotators themselves cannot
avoid. Pair-level agreement metrics — Krippen-
dorff’s o, raw agreement rates, position-flip rates
— weight every pair equally and therefore systemat-
ically overweight the regime that contributes least
to ranking distance from gold, whether the compar-
ison is judge-vs-judge or judge-vs-human.

This predicts the empirical pattern: aggregate
reliability and position-bias scores should correlate
weakly with ranking accuracy against human gold,
with predictive signal concentrated in the far-pair
tail. It also clarifies prior findings: position bias
is empirically strongest on close pairs (Shi et al.,
2025), exactly where its information cost is lowest,
and human annotators themselves disagree most on
close pairs (Zheng et al., 2023) — as BT predicts.
Judges and humans agree on what the hard cases
are; the question this paper takes up is whether the
measures recognize that the hard cases are also the
cheap ones.

4 Simulation: Human Agreement

To isolate the effect of disagreement distribution
independently of model-specific behavior, we con-
struct a controlled simulation in which judges differ
only in where across the rank-gap spectrum their
erTors occur.

We simulate a dataset with normally distributed
BT strengths and generate human comparisons
from randomly drawing the winner of each com-
parison by using BT-probability. We then generate
judges with identical agreement with the human
pairs. The judge flips with a gap-dependent proba-
bility: it coin-flips (0.5) on pairs below its resolu-
tion threshold 7 ("too close to call"), and above T
it errs at rate floor.

As Fig. 1 shows, agreement between simulated
judges and humans is roughly equal across differ-
ent floors — the only difference is that some judges
agree less with humans on distant pairs, while oth-
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Figure 1: Simulation results for BT Judges with similar
pairwise agreements. Top shows how disagreement
between judges and humans is differently distributed,
while overall agreement is roughly equal (bottom left).
Despite this, ranking correlation with the human gold
varies substantially depending on where disagreement
occurs (bottom right).

ers more on close pairs. Despite that, agreement
with gold falls sharply as judge errors increase at
higher |Als, even if these errors are counterbal-
anced by higher accuracy on close pairs. Therefore,
pairwise-level agreement is not the same as ranking
correlation due to the spread of disagreement.

S Experiment: Model Inconsistencies

Datasets CLEAR (Crossley et al., 2021) is a
dataset of English school text excerpts rated on
comprehensibility by teachers. The human rating
was performed pairwise: teachers were shown two
texts and asked to pick which one is easier for stu-
dents to understand. We use 200 randomly selected
texts. ASAP 2.0 (Crossley et al., 2025) is a corpus
of student writing tests for grades 6 to 10, where
students were tasked to argue for a position on a
topic using a source text on that topic. The es-
says are human-rated on a scale of 1-6. We use
200 student essays from the test set on the topic of
algorithmic facial emotion detection for grade 10.

Ranking human-labeled corpus texts rather than
model outputs provides a clean gold standard for
pairwise rank gaps, which is unavailable when the

ranked items are the generating models themselves.

Position Bias We evaluate GPT-5.4-nano and -
mini, Ministral-3-3B and -14B, as well as Gemma-
3-4B and -12B (see App. A) on both the CLEAR
and the ASAP 2.0 corpus. Each pair is evaluated
twice with reversed answer orderings. We mea-
sure position bias using two standard metrics: (1)
the consistency, i.e., the frequency with which the
same verdict is retained after position reversal; and
(2) inconsistent-pair primacy (IPP), the proportion
of inconsistent pairs in which the judge prefers the
first-shown response. An IPP of .5 indicates that in-
consistent verdicts split evenly between positions.

Dividing positional consistency into different
|A|-quartiles shows that position bias exists mostly
on close pairs. Given that a flipped rating produces
a tie, we can say that this is the model being inde-
cisive about very close pairs ("too close to score").

Crucially, consistency, IPP, and rank correlation
with gold do not track each other (Tables 1 and 2).
On CLEAR, the two GPTs flip at indistinguishable
rates', yet the better-correlating one wins signifi-
cantly on p. On ASAP the pattern reverses: nano
is significantly more consistent while the two rank
the field equally well; Ministral behaves similarly.
Only Ministral on CLEAR aligns bias and corre-
lation in the expected direction — evidence that
aggregate bias metrics are weak predictors of rank-
ing performance, not that bias is benign.

Gemma-3-4B is the limiting case: almost en-
tirely indecisive on close pairs, yet its far-pair judg-
ments suffice to recover a ranking comparable to
much more consistent judges. Its ceiling is natu-
rally capped — it cannot resolve the "middle pack"
— but the bias metric overstates the damage. The
mild top-quartile inconsistency present in every
model points instead to genuine conceptual mis-
alignment: some pairs humans rank far apart are
treated by the model as close. Fixing that is the
more promising lever for correlation gains.

Non-Transitivity We analyze non-transitivity
only on triangles, distinguishing (1) strict (A < B,
B<C,C < A), Q2 mixed (A - B, B = C,
C ~ A), and (3) inequality (A ~ B, B ~ C,
A o (). Given the close-pair indecision docu-
mented above, inequality non-transitivity can be
substantively valid: if |A| between A and C'is large
enough to score, the triangle is consistent with the
model’s own behavior.

'All pairwise significance claims use McNemar’s test at
o = 0.05.



Consistency (1—Aflip) IPP % intransitive triads
Judge all close far all  cyc mix eq 0
(Ql gap)  (Q4 gap)

GPT-5.4-nano 78 72 90 .61 00 08 9.9 +0.691
o GPT-5.4-mini .80 .66 .96 97 00 04 9.5 +0.825
<¢ Ministral-3-3B .79 .70 92 89 00 04 6.2 +0.755
E Ministral-3-14B .84 13 97 89 00 08 4.1 +0.788
“  Gemma-3-4B 22 .09 46 1.00 00 00 272 +0.676

Gemma-3-12B .76 57 .96 99 00 0.0 7.8 +0.830

GPT-5.4-nano 79 74 .85 21 00 49 10.7  40.677

GPT-5.4-mini 73 .62 .84 .03 00 0.0 13.8  +0.674
% Ministral-3-3B .78 .65 94 .02 00 04 7.1 +0.726
Z,:’ Ministral-3-14B .83 a7 94 .02 00 0.0 3.6 +0.690

Gemma-3-4B .34 .19 53 1.00 00 00 293  40.668

Gemma-3-12B .84 78 95 86 00 09 4.9 +0.735

Table 1: Inconsistency as a close-pair phenomenon does not track ranking accuracy. Consistency is how often the
judge chooses the same text across the swapped pairs; IPP is inconsistent-pair primacy, with .5 indicating perfect
balance. CLOSE/FAR are the same rate restricted to the bottom/top quartile of the gold gap |g, — g»|. Triad-% is the
proportion of all triads. p is the Spearman correlation of the LLM-derived BT skill against human gold.

Across all judges, non-transitivity is dominated
by the inequality type and tracks consistency tightly
(Pearson » = .928): it is largely a re-expression
of the indecision already captured by position
bias. Within each family the larger model pro-
duces fewer non-transitivities, so the metric mainly
tracks model size — generally, but not reliably, a
proxy for judge quality. Despite far higher non-
transitivity, Gemma-3-4B does not correlate signif-
icantly worse with human gold than GPT-5.4-nano
(Table 2), confirming that intransitivity is a weak
model-selection signal.

Proxy ps Vs ranking p  PHolm
Consistency, all +0.559 0.198
Consistency, close +0.245 0.892
Consistency, far +0.897 0.001*
Primacy (IPP) +0.126 0.892
Intransitivity —0.608 0.174

Table 2: Spearman correlation between inconsistencies
and the model’s ability to replicate human gold ranking,
and the associated Holm-corrected significance. With
N=12 the test is well-powered for strong effects but has
limited power against moderate effects. We note this as
a limitation but emphasize the practical implication: a
metric whose correlation with gold ranking is too weak
to survive correction at this scale is too noisy to be used
as a model-selection signal in practice.

6 Conclusion

Internal consistency and pairwise agreement with
humans are useful judge properties, but the cen-
tral question is whether a judge recovers the same
latent ranking structure as humans — so the most
direct evaluation criterion is the agreement between
human and LLM rankings, and imperfect local con-
sistency should not be treated as disqualifying. Ag-
gregate inconsistency metrics such as position bias
should therefore be read in light of pair difficulty: a
metric that weights all pairs equally rewards judges
that excel on low-information comparisons and pe-
nalizes those better at the far ones. Where bias
mitigation does help is in making an already well-
aligned judge more decisive on close pairs, improv-
ing ranking granularity.

For benchmarks, two implications follow.
Judges perform far better when item gaps are large
— the mechanism exploited by ArenaHard (Li et al.,
2024) — so items should be organized into rank-
ings rather than isolated pairs wherever possible.
Where full rankings are infeasible, pair difficulty
should be made observable by other means, e.g.
multiple human raters per pair with disagreement
reported as a proxy. This reframing opens a more
productive research agenda: instead of chasing
ever-lower bias scores, the next generation of judge
evaluations should target the regimes where rank-
ing signal actually lives.



7 Limitations

Our rank-gap analysis requires a notion of latent
strength on each corpus. CLEAR comes with
BT-scores pre-computed. On ASAP 2.0 we use
pointwise-averaged human ratings as a strength
proxy; this is a noisier estimator of ghuman than
pairwise-derived strengths and weakens within-
bucket contrasts, so the reported pattern on ASAP
2.0 is a lower bound.

We restrict our attention to pairwise judging.
The theoretical argument is specific to binary com-
parison, and listwise judging introduces additional
position-bias structure (Shi et al., 2025) that the
present framework does not address.

Finally, our experiments assume the goal of
LLM-as-a-judge is to recover a human gold stan-
dard that is usually somewhat subjective. Human
raters are themselves imperfect estimators of any
underlying quality, and what they rate may diverge
from what we actually care about estimating — on
CLEAR, for instance, teacher ratings of text com-
prehensibility are not the same construct as compre-
hension measured directly from student readers. In
settings with an objective gold and well-separated
candidates, such as verifiable math or code tasks
with skill-stratified models, the close-pair regime
our analysis emphasizes becomes sparse and the
practical importance of the misweighting effect di-
minishes, though the underlying information theory
remains unchanged.

8 Use of AI Assistants

Al writing assistance was used for sentence-level
paraphrasing and polishing of author-written text;
it was not used to generate research ideas, technical
claims, related-work positioning, or citations. Al-
assisted coding tools used during analysis script
development are documented in the released code
repository’s README.
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A Models

We evaluate six judges spanning three model fami-
lies and two size tiers per family. Table 3 summa-
rizes parameter counts, licenses, and access modal-
ities. All model use is consistent with the intended
research and evaluation use stated by each provider.
We focus on smaller models (3B—14B parameters)
because the variance-limited regime our analysis
targets is most pronounced at this scale; larger mod-
els exhibit ceiling effects on the corpora we use.
Note that this generation of OpenAl models does
not support deterministic output via greedy decod-
ing (which we used for the open weight models),
which may slightly inflate the reported inconsis-
tency numbers and prevent exact replication. Nev-
ertheless, these models are state-of-the-art (e.g.,

Model Params Access
(Cg})l;:/fl n;gg 6) undisclosed API
GPT-5.4 mini

(OpenAL 2026) undisclosed API

Ministral 3 3B

(Liu et al., 2026) 3B Open weights
Ministral 3 14B i
(Liu et al., 2026) 148 Open weights
Gemma 3 4B i
(Toam et . 2025) 4B Open weights
Gemma 3 12B 12B Open weights

(Team et al., 2025)

Table 3: Judge models.

mini’s top performance on CLEAR) and widely
used in production, so we felt it was important to
include them in order to situate API-based models
within our broader thesis.

All open-weights inference was run locally on
Apple Silicon using llama.cpp with Q8_0 quanti-
zation, which is deterministic under greedy decod-
ing and introduces minimal precision loss relative
to FP16. Total wall-clock across the four open-
weights judges and two corpora was approximately
7-12 hours.
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