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Abstract

Large language models (LLMs) are now widely
used as judges, yet their decisions can change
under presentation choices that should be ir-
relevant. We study one such source of insta-
bility: candidate-order sensitivity in listwise
factuality evaluation, where several answers
can look similarly polished while differing sub-
stantially in hallucination risk. We introduce
PCFJudge, an inference-time method that re-
runs the same factuality-first listwise prompt
over multiple orderings of the same candidate
set and aggregates the resulting scores, ranks,
and uncertainty signals into a single consensus
decision. On RewardBench 2 Factuality, the
final seven-permutation aggregate (K = 7) im-
proves top-1 selection accuracy from 86.00%
to 91.33% with GPT-5.4 and from 86.33% to
89.67% with Claude Sonnet 4.6. These results
suggest that candidate order can be a meaning-
ful source of factuality-judging error and that
marginalizing over this nuisance variation can
improve the reliability of LLM evaluation.

1 Introduction

LLM-as-a-judge has become a core evaluation
primitive in modern NLP. Early systems such as G-
Eval and PandalLM showed that large models can
serve as practical reference-free evaluators and pair-
wise selectors (Liu et al., 2023; Wang et al., 2024a),
and strong proprietary models are now routinely
used to rank candidate responses, approximate hu-
man preferences, audit downstream systems, and
provide reward signals for post-training (Zheng
et al., 2023; Gu et al., 2025; Li et al., 2024). At the
same time, the reliability of these judges remains
uncertain. A growing body of work documents
position bias, rubric sensitivity, scale instability,
and related forms of evaluation drift that can ma-
terially change judge decisions (Shi et al., 2025;
Hong et al., 2026; Wang et al., 2025). Recent work
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further argues that the relevant failure mode for
judge-based selection is not global score correla-
tion but within-prompt ranking quality: a judge
can look good on aggregate metrics yet still make
poor best-of-N decisions (Landesberg, 2026; Zhou
et al., 2025).

This paper studies one source of instability:
candidate-order sensitivity in listwise factuality
evaluation. RewardBench 2 explicitly supports
rankings-based generative evaluation and includes
a factuality subset designed to separate safer, better-
calibrated responses from answers that sound con-
fident but contain unsupported details (Malik et al.,
2025). This is exactly the regime in which ordering
artifacts are dangerous. If a candidate is preferred
only when it happens to appear first, the resulting
judge is not measuring factuality robustly.

We ask a deliberately simple question: what if
we treat candidate order as nuisance variation and
average over it? Our answer is PCFJudge, a judge
that reruns a factuality-first listwise prompt over
multiple permutations of the same candidate set
and aggregates the results into a consensus score
at runtime. The method uses no retrieval and no
external verifier; it asks the same judge to evaluate
the same candidates under shuffled orders and then
extracts the stable signal.

Empirically, this intervention improves top-1 se-
lection accuracy for both judge backbones on Re-
wardBench 2 Factuality, with gains of 5.33 per-
centage points for GPT-5.4 and 3.33 percentage
points for Claude Sonnet 4.6 in the final seven-
permutation setting. Additional controls sepa-
rate the effect of order perturbation from repeated
canonical-order calls: averaging repeated evalua-
tions in the canonical order gives little or no com-
parable benefit, while permutation consensus re-
mains positive across reduced- K settings. A pair-
wise transfer variant yields smaller but still posi-
tive gains in JudgeBench (Tan et al., 2025). The
contrast is informative: permutation consensus is
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especially effective in the multi-candidate factual-
ity selection setting it was designed for, but it is not
designed to solve every judge setting.

Our contributions are as follows.

1. We introduce a training-free permutation-
consensus judge specialized to listwise factu-
ality evaluation.

2. We formalize the method as an order-robust con-
sensus estimator and use a simple majority-vote
analysis to motivate why consensus can reduce
order noise, while explicitly noting that real per-
mutation errors are correlated.

3. We report RewardBench 2 Factuality improve-
ments with two proprietary judge backbones,
add reduced- K, repeated-canonical, and weight-
sensitivity controls, and evaluate a smaller pair-
wise transfer variant on JudgeBench.

2 Related Work

Broad surveys now frame LLLM-as-a-judge research
around four recurring design questions: how to
construct judges, how to prompt or aggregate them,
how to evaluate judges themselves, and how to con-
trol their biases in deployment (Gu et al., 2025; Li
et al., 2024). Our work is most aligned with the
third and fourth categories: we treat judge relia-
bility as an inference-time measurement problem
rather than as a judge-training problem.

Building stronger evaluators. One common
route to better LLM evaluation is to improve the
evaluator itself, either through prompting, special-
ization, or model aggregation. Prompted systems
such as G-Eval and PandalLM encode evaluation
criteria or comparison procedures directly in the
judge prompt (Liu et al., 2023; Wang et al., 2024a),
while MT-Bench and Chatbot Arena operationalize
LLM judges for scalable conversational compari-
son (Zheng et al., 2023). More recent work trains
judge-specialized models, as in Prometheus 2 (Kim
et al., 2024), or pools heterogeneous backbones, as
in PoLL (Verga et al., 2024). These approaches
seek a stronger evaluator or a stronger panel of
evaluators. Our work is complementary: we keep
the backbone fixed and ask whether reliability can
be improved by changing only the test-time proto-
col.

Judge quality depends on the downstream deci-
sion. A second line of work argues that judge
quality should be evaluated with respect to the

downstream decision the judge supports. Re-
wardBench and RewardBench 2 study reward-
model and judge accuracy on subtle prefer-
ence, instruction-following, and factuality distinc-
tions (Lambert et al., 2024; Malik et al., 2025).
JudgeBench shifts the focus further toward ob-
jective correctness, constructing hard response
pairs from reasoning-heavy source tasks such as
MMLU-Pro, math, and coding (Tan et al., 2025;
Wang et al., 2024b). JETTS evaluates judges in
test-time-scaling settings such as reranking, beam
search, and critique-based refinement, showing that
judges can help some decision procedures more
than others (Zhou et al., 2025). Closest aligned
with our motivation, Landesberg (2026) argues that
global agreement metrics can substantially over-
state a judge’s value for best-of-N selection be-
cause they blur together prompt-level effects and
within-prompt ranking quality. This perspective
is central to our setting: listwise factuality evalu-
ation is fundamentally a within-prompt selection
problem.

Bias, instability, and judge inference. A third
line of work studies judges as noisy measurement
instruments whose outputs can change under pre-
sentation choices that should be irrelevant. Early
analyses of MT-Bench and Chatbot Arena already
noted position and verbosity effects (Zheng et al.,
2023). Shi et al. provide a systematic study of
position bias in both pairwise and listwise judg-
ing, showing that simple order changes can ma-
terially alter outcomes even for strong backbones
(Shi et al., 2025). RULERS pushes this critique
further by arguing that trustworthy judging requires
locked rubrics, evidence-anchored scoring, and cal-
ibrated scales rather than prompt phrasing alone
(Hong et al., 2026). Other work seeks to stabilize
judge decisions without retraining the judge: Wang
et al. (2025) improve inference by using the full
judgment distribution rather than greedy text out-
puts, while Verga et al. (2024) reduce idiosyncratic
model bias by pooling diverse judges. Our method
aggregates over a different source of variation: not
model diversity and not output-token uncertainty,
but the order in which the same candidate set is
presented.

What is still missing. Prior work has established
that presentation order can bias LLM judges, in-
cluding in listwise settings. Less is known about
how to turn that diagnosis into a simple robustness
procedure for top-1 factuality selection, where sev-
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eral plausible candidates compete simultaneously
and the downstream decision is the single answer
to trust. This gap is particularly relevant when can-
didates differ less in fluency than in hallucination
risk.

3 Method

3.1 Problem setting

Let z be a prompt and Y = {y1,...,yn} a set
of candidate responses. The factuality target is
order-invariant, but a deployed listwise judge con-
sumes an ordered presentation of Y and returns
per-candidate scores and a winner. In practice,
those outputs can depend on the presentation order.
Our goal is to reduce this order sensitivity with-
out changing the judge model or training a new
evaluator.

3.2 A skeptical factuality-first listwise prompt

The direct baseline and PCFJudge share the same
core prompt. The judge is instructed to rank can-
didates by factual reliability rather than by generic
helpfulness, with particular emphasis on avoid-
ing major factual error and unsupported specificity.
The prompt asks for five outputs for each candidate:
a numeric score in [0, 100], a short rationale, a bi-
nary flag for major factual error, a binary flag for
hallucinated specificity, and a binary flag for cali-
brated uncertainty. Calibrated uncertainty is treated
as a weak positive signal only when it reflects ap-
propriate caution rather than evasiveness. The two
negative flags make factual-error and unsupported-
specificity considerations explicit during each per-
permutation scoring decision. We do not apply
them a second time as external penalties in the final
aggregation.

3.3 Permutation-consensus aggregation

PCFJudge runs the same prompt over K orderings

of the candidate list. Let 71, ... 75 be can-

didate permutations. For each run 7, the judge

returns:

* ascore sl(-r) € [0, 100] for each candidate i,

* a full ranking, from which we derive a Borda-
style contribution,

* a top-set indicator for the highest-scored candi-
date(s), and

* binary indicators for calibrated uncertainty, major
error, and hallucinated specificity.

We map every response back to its original can-
didate identifier and aggregate the runs into four
summary statistics:
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where T") is the top-scoring set in run r under
the 0.5-point tie tolerance described below, and
ranky) = 1 denotes the highest-ranked candidate.

The final consensus score is

C; = 0.508;4+0.25B;+0.20(100v;)+0.05(100wu; ).

()
The winner is the candidate with maximal C;; ties
are retained when top scores fall within the fixed
0.5-point tolerance used in all experiments. Be-
cause 5;, B;, 100v;, and 100w; all lie in [0, 100],
the consensus score Cj is itself a weighted average
on the same scale, and the weights in Eq. 5 sum
to one. In the final RewardBench 2 runs we use
K=r.

Equation 5 matches the implementation used in
the experiments reported below. The weights are
a fixed heuristic rather than learned parameters;
Section 5.3 ablates several reasonable alternatives.
The weighting places most mass on two signals:
per-permutation factuality score and order-robust
relative rank. The uncertainty term is small by de-
sign: caution should help when it avoids fabricated
detail, not dominate the decision. We do not sep-
arately reweight the major-error and hallucinated-
specificity flags in the final aggregation. In devel-
opment, using those flags twice—once inside the
judge’s per-run scoring decision and again as an
external penalty—tended to over-penalize cautious
but incomplete responses.

3.4 Why consensus should help

Our exact scoring rule is heuristic, but the core intu-
ition admits a simple analysis. Suppose that under
a random candidate ordering, the judge places the
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Algorithm 1 PCFJudge for one prompt x with can-
didates Y
Require: Prompt =,

candidates Y =

{y1,...,yn}, number of permutations
K

1: forr =1to K do

2: sample or retrieve candidate permutation
()

3: run the factuality-first listwise judge on
(2, 7(Y))

4: remap scores, ranks, and binary flags back
to original candidate IDs
end for

for each candidate 7 do

compute §;, B;, v;, and u;

compute consensus score C; using Eq. 5
end for
10: return candidate(s) with maximal C}

B

true best candidate first with probability ¢ > %

and that these top-choice events are conditionally
independent across permutations. Then majority
vote over the top-choice identities already reduces
error exponentially in K.

Proposition 1. Ler Z, € {0,1} indicate whether
permutation run r places the true best candidate
first, with Pr(Z, = 1) = q¢ > % and 7+, ..., Zx
independent. If K is odd and we choose the final
winner by majority vote over the top choices, then

() <o (o 2))

This follows from Hoeffding’s inequality (Ho-
effding, 1963). PCFJudge is richer than pure ma-
jority vote because it also aggregates within-run
scores, full ranks, and calibrated uncertainty. The
proposition should therefore be read as intuition
rather than as a proof of Eq. 5.

Exact independence is unlikely in practice. All
permutation runs share the same backbone, prompt,
item, and candidate set, so their errors can be corre-
lated. If the errors are perfectly correlated, repeated
evaluation does not reduce error. We therefore use
the reduced-K and repeated canonical controls in
Section 5.2 as empirical checks of whether order
perturbations add signal beyond repeated calls.

3.5 Pairwise transfer variant for JudgeBench

JudgeBench is pairwise rather than listwise, so we
use a separate transfer variant, APOCJudge. We

use a separate name because this protocol is not the
listwise algorithm in Algorithm 1; it is an order-
consensus adaptation for two-response evaluation.
For a response pair (y4,yp), the baseline direct
judge scores the original order once. APOCJudge
adds two safeguards. First, it evaluates both can-
didate orders and uses order-consensus as a dis-
agreement signal. Second, it only accepts an order-
based override when a separate keyed-judgment
pass—which first resolves the underlying question
and then compares the two responses against that
resolved answer—confirms the same winner. To
avoid a failure mode observed in development, the
final variant skips keyed overrides on estimation-
style prompts. We include JudgeBench to test
scope, not to claim that this pairwise transfer vari-
ant is as strong as the main listwise method.

4 Experimental Setup

4.1 Models

We evaluate two proprietary judge backbones: GPT-
5.4 via the OpenAl API (OpenAl, 2026) and
Claude Sonnet 4.6 via the Anthropic API (An-
thropic, 2026). We use the same backbone for
both the direct baseline and the corresponding con-
sensus method so that gains reflect the inference
procedure rather than the base judge.

4.2 RewardBench 2 Factuality

Our main evaluation uses the public Reward-
Bench 2 test split, specifically the Factuality sub-
set (Malik et al., 2025). Each item contains four
candidate responses, making it a natural fit for list-
wise selection. For each backbone, we evaluate a
fixed 300-example slice, with the direct baseline
and all PCFJudge variants using the same slice for
matched paired comparisons.

The direct baseline uses the same factuality-first
listwise prompt as PCFJudge but evaluates only
the canonical candidate order (K = 1). PCFJudge
uses predetermined permutations that are reused
across items for reproducibility, with K = 7 as the
main setting. To reduce run-level noise in the final
K = T estimate, we execute the PCFJudge evalua-
tion three times on the same slice and prompt con-
figuration. For each item, we average the resulting
per-candidate consensus scores across these execu-
tions and then select one final winner before com-
puting the paired statistics in Table 1. The reported
RewardBench 2 numbers are micro-averaged top-1
accuracies over the evaluated slice, expressed as
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percentages in the results tables. Tie rates were
negligible in the final runs and in the diagnostic
controls (mean top-tie size ~ 1.00). Diagnostic
controls in Tables 2-3 are reported as exact top-1
accuracy percentages so that each value has the
same interpretation as the main RewardBench 2
accuracy columns.

4.3 Mechanism and cost controls

We add three controls on the same RewardBench 2
slices. First, to separate order perturbation from
repeated calls and aggregation, we run a repeated-
canonical baseline: the judge sees the same canon-
ical order K times and we aggregate the repeated
outputs with the same consensus rule. Second,
to characterize cost, we evaluate PCFJudge at
K € {3,5,7}. Third, to test sensitivity to the
heuristic weights in Eq. 5, we recompute winners
under several fixed weight settings, including uni-
form weighting, score-only, rank-only, top-vote-
only, and variants that remove the uncertainty term.
These controls are computed from one fully logged
diagnostic run for each backbone, so the reduced-
K and weight comparisons are made on matched
raw judge outputs.

4.4 JudgeBench transfer study

JudgeBench contains objective response pairs
derived from difficult source tasks, with pub-
lic gpt and claude splits containing 350 and
270 unique pairs respectively (Tan et al., 2025).
Each JSON item includes the source bucket (e.g.,
mmlu-pro-history), the question, two candidate
responses, and an objective label such as A >
B. JudgeBench reports source-aware performance
rather than only a single pooled accuracy, which
is important because source tasks differ sharply in
difficulty.

We evaluate fixed 100-pair slices from the public
JudgeBench splits. Here, N denotes the number
of unique pairs. Following JudgeBench’s source-
aware reporting structure, we first compute accu-
racy within each source bucket represented in the
slice and then macro-average those per-source val-
ues. This is why the reported percentage is not
constrained to being a multiple of 1/N.

4.5 Metrics and significance

For RewardBench 2 we report top-1 selection ac-
curacy, expressed as a percentage, and paired im-
provement/regression counts relative to the direct

baseline. For the main K = 7 results we also re-
port unchanged counts, since most examples agree
with the direct judge. For the diagnostic control
tables, all entries are exact top-1 accuracy percent-
ages from a matched single run, while Table 1 re-
ports the final three-run aggregate described above.
For JudgeBench we report the macro-averaged ac-
curacy percentage described above. For the main
RewardBench 2 slices we compute exact paired
sign tests over the discordant examples (improved
vs. regressed) as a significance check.

5 Results
5.1 Main RewardBench 2 results

Table 1 reports the main RewardBench 2 result. On
RewardBench 2 Factuality, the final aggregate es-
timate for the K = 7 configuration improves both
judge backbones: GPT-5.4 improves from 86.00%
to 91.33%, and Claude Sonnet 4.6 improves from
86.33% to 89.67%. The micro-average over the two
evaluated slices improves from 86.17% to 90.50%.
The paired counts show that the gains are not
only changes in aggregate accuracy. GPT-5.4 im-
proves on 21 examples and regresses on 5, giving
an exact two-sided sign-test value of p = 0.0025.
Claude Sonnet 4.6 improves on 17 examples and
regresses on 7, a positive but weaker paired sig-
nal (p = 0.064). As a descriptive pooled check
over the 600 evaluated item-backbone pairs, the
discordant counts are 38 improvements versus 12
regressions (p = 3.1 x 10~%). Figure 1 visual-
izes the same paired asymmetry, while Table 1 also
shows that most examples remain unchanged.

RewardBench 2 paired gains

Combined 12 38
Claude Sonnet 4.6 7 17
2 21
gk 2 Regressed
. Improved

=20 0 20 40 60 80
Examples changed relative to the direct judge

Figure 1: Paired comparison against the direct judge on
the final 300-example RewardBench 2 Factuality slices.
Bars show only changed examples; unchanged counts
are reported in Table 1.

The backbone-specific pattern is intentionally
interpreted conservatively. Both models improve,
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Model N Direct (%) PCFJudge (%) A (pp) Imp./Reg. Same
GPT-5.4 300 86.00 91.33 +5.33 21/5 274
Claude 4.6 300 86.33 89.67 +3.33 177117 276
Micro avg. 600 86.17 90.50 +4.33 38/12 550

Table 1: Main RewardBench 2 Factuality results. Accuracy columns are top-1 selection accuracy percentages; A is
measured in percentage points. Direct uses one canonical candidate order. Each PCFJudge execution uses seven
candidate-order permutations with the consensus rule in Eq. 5. The final K = 7 PCFJudge numbers aggregate
three separately executed ' = 7 evaluations on the same fixed 300-example slice. For each item, we average
per-candidate consensus scores across the three executions before selecting one final winner; paired counts are then

computed against the corresponding direct baseline.

but the paired evidence is stronger for GPT-5.4
than for Claude Sonnet 4.6. Together, these results
support the narrower claim that order perturbation
can recover some errors made by strong single-pass
factuality judges in this setting.

5.2 Cost and mechanism controls

Table 2 reports the diagnostic control suite used to
separate permutation consensus from repeated calls
and to characterize the effect of K. The table uses
one fully logged run per backbone so that K = 3,
K =5, K =7, and repeated-canonical baselines
are directly comparable on the same raw judge
outputs. Because this table is a matched single-run
diagnostic, its K = 7 entries are not expected to
exactly match the three-run aggregate in Table 1.

The repeated-canonical rows do not show a sta-
ble gain: additional calls to the same order do not
reliably improve either backbone. In contrast, the
permutation rows are positive across all reported
K values. GPT-5.4 already recovers most of the
diagnostic-run gain at K = 3, whereas Claude Son-
net 4.6 improves more gradually from K = 3 to
K = 7. This suggests a practical tradeoff: K =7
is the base configuration used for the Table 1 aggre-
gate, but lower-K settings may be preferable when
inference cost is the binding constraint.

5.3 Sensitivity to consensus weights

Table 3 ablates the heuristic weights in Eq. 5. The
proposed weights are not uniquely optimal, but the
main conclusion is stable: a range of score-, rank-,
and top-vote-based variants remain above the direct
baseline on both backbones. This indicates that the
improvement is not a fragile artifact of one hand-
chosen coefficient vector.

We keep Eq. 5 as the main rule because it is the
final configuration used for the main experiments
and balances score, rank, top-set agreement, and
a small uncertainty signal. The ablation suggests,

however, that the exact 0.50/0.25/0.20/0.05 split
should not be over-interpreted. In these runs, the
robust signal comes primarily from aggregating
over order perturbations, not from tuning a delicate
set of weights.

5.4 JudgeBench transfer

Table 4 reports the transfer study. The gains are
smaller than on RewardBench 2, but they remain
positive for both backbones: +3.24 percentage
points for Claude Sonnet 4.6 and +2.70 percent-
age points for GPT-5.4. This difference is con-
sistent with the narrower scope of the method.
JudgeBench is an objective, pairwise, domain-
diverse benchmark rather than the listwise fac-
tuality setting PCFJudge was designed for. The
transfer experiment therefore serves as a boundary-
condition check: order-robust judging still helps,
but the strongest evidence remains the listwise fac-
tuality setting where candidate-order instability is
directly tied to the downstream decision.

5.5 Development ablations and lessons

Development ablations informed the final design.
Figure 2 reports an earlier comparable ablation
on a fixed 100-example GPT-5.4 RewardBench 2
Factuality development slice. The “robust overlay”
variant was a heavier two-stage design that first pro-
duced a permutation-consensus ranking and then
added an additional arbitration pass over the most
plausible winners. It recovered much of the gain
over direct judging, but the simpler permutation-
consensus ranker still performed better. This is
why the final method keeps the core decision rule
simple rather than stacking additional arbitration
layers on top of it.

Earlier 50-example development slices showed
the same pattern more noisily: anchor ladders,
panel arbitration, and evidence-backed overrides
did not reliably improve over simpler consensus
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Model Protocol K =3 (%) K =5 (%) K =17 (%)
GPT-5.4 repeated canonical 86.67 (+0.67) 85.67 (—0.33)  86.00 (+0.00)
’ PCFJudge 89.33 (+3.33) 88.67 (+2.67)  89.33 (+3.33)
Claude 4.6 repeated canonical ~ 86.00 (—0.33) 87.00 (+0.67) 86.67 (+0.33)
) PCFJudge 87.00 (+0.67) 87.67 (+1.33)  88.00 (+1.67)

Table 2: Diagnostic cost and mechanism controls on RewardBench 2 Factuality. Entries are exact top-1 accuracy
percentages, with absolute percentage-point change over the direct baseline in parentheses. Repeated canonical
uses K calls to the same candidate order; PCFJudge uses K candidate-order permutations. This table is a matched
single-run diagnostic control, while Table 1 reports the final three-run aggregate for the main K = 7 setting.

Variant wWs WB Wy wy,  GPT-5.4 (%) Claude 4.6 (%)
Proposed 0.50 0.25 0.20 0.05 89.33 88.00
Uniform 0.25 025 0.25 0.25 90.00 87.00
Score only 1.00 0.00 0.00 0.00 88.67 87.00
Rank only 0.00 1.00 0.00 0.00 89.00 88.00
Top voteonly  0.00 0.00 1.00 0.00 89.00 88.33
No uncertainty 0.50 0.27 0.23 0.00 89.33 88.33
Score/rank 0.50 0.50 0.00 0.00 89.33 88.00
Score/top 0.60 0.00 0.40 0.00 89.33 88.67

Table 3: Weight sensitivity on the same diagnostic runs as Table 2. Entries are exact top-1 accuracy percentages.
Columns show the weights on mean score (w;), Borda rank (wp), top-set frequency (w,,), and calibrated uncertainty
(wy,). Direct baselines are 86.00% for GPT-5.4 and 86.33% for Claude Sonnet 4.6.

Model N Direct (%) APOCJudge (%) A (pp)
Claude 4.6 100 79.09 82.33 +3.24
GPT-5.4 100 76.21 7891  +2.70 prw

Table 4: JudgeBench transfer results. N counts unique
response pairs, while the reported value is the macro-
averaged accuracy percentage over the source buckets
present in the 100-pair slice, so the percentages need
not be multiples of 1/N. APOCJudge uses our order-
swapped pairwise protocol with keyed confirmation be-
fore accepting an override.

ranking, and some variants regressed. These at-
tempts suggested that additional judge stages do
not automatically add independent signal. In our
setting, directly targeting order variation appeared
more effective than introducing extra arbiters.
Together, Figure 2 and the controls in Tables 2-3
support a modest lesson: a targeted intervention
on a concrete nuisance variable can be more useful
than increasingly elaborate meta-judging pipelines.

5.6 Qualitative patterns

Table 5 summarizes representative qualitative pat-
terns from prediction-file inspection. These pat-
terns are diagnostic rather than a complete error
taxonomy, but they help explain the kinds of cases
where the method can help. The central effect is
not extra world knowledge. Rather, PCFJudge is
less willing to reward an answer whose advantage
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Ablation on the 100-example RewardBench 2 slice
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Figure 2: Development ablation on a fixed 100-example
GPT-5.4 RewardBench 2 Factuality slice. Values are
exact top-1 accuracy percentages on the development
slice. Most of the recoverable error is removed by per-
mutation consensus itself; extra overlay logic helps less
than simply trusting the consensus ranker.

depends on a particular presentation order.

The first two rows of Table 5 capture observed
RewardBench 2 success modes in corrected cases.
Direct judging can overweight polished answers
that add unsupported specifics on product-setting,
website-grounded, or niche-source prompts. Per-
mutation consensus can favor the safer and better-
calibrated response when that preference remains
stable across orderings. In these cases, the method
is not making the judge more encyclopedic; it is
making the judge less vulnerable to rhetorically



Pattern Observed direct-judge Observed PCFJudge recovery  Why it matters
behavior
Unsupported Polished answers that add Safer answers whose advantage  Illustrates how consensus can
specificity precise settings, dates, or source  survives across permutations reduce reward for hallucinated
claims without solid support detail rather than merely
smoothing scores
Calibrated Broader but speculative Narrower responses that Aligns the judge with factual
narrow responses that sound more correctly state that evidence is reliability rather than
correction complete limited or absent informativeness style
Near-tie Small stylistic differences can Limited changes unless an Explains why improvements are

candidate sets

dominate when all candidates

order-stable preference emerges

concentrated on genuinely

share the same broad factual
stance

unstable cases

Transfer failure
mode

Pairwise estimation or ballpark
prompts where an auxiliary
checker can overcommit

Final transfer variant suppresses
these overrides

Clarifies why JudgeBench gains
are positive but smaller than
RewardBench 2

Table 5: Representative qualitative patterns from prediction-file inspection. The main benefit of PCFJudge is not
extra knowledge; it is greater reluctance to reward answers whose advantage depends on a particular candidate

order.

attractive but unstable winners. The last two rows
help explain why transfer is positive but smaller
on JudgeBench. RewardBench 2 Factuality often
presents several plausible answers whose key dif-
ference is unsupported specificity, whereas many
JudgeBench pairs turn on objective task solving.
This contrast is consistent with the intended scope
of the method.

6 Conclusion

PCFJudge suggests that arbitrary candidate order is
a consequential nuisance variable in listwise factu-
ality selection. By marginalizing over order instead
of trusting a single presentation, the same judge
backbone can make more stable choices without
finetuning, retrieval, or a separate verifier. The
repeated-canonical control indicates that the ben-
efit is not simply the result of making more calls;
the order perturbations themselves provide useful
signal. The method still has real costs and does not
remove the need for broader audits, but the results
suggest that order-robustness is a useful design con-
sideration for future factuality-judging pipelines.

Limitations

The main evidence comes from fixed API-budgeted
slices rather than full benchmark sweeps, so larger
runs would better characterize variance across
slices and domains. PCFJudge also increases in-

ference cost by a factor of K in its basic form;
the reduced-K controls suggest that K = 3 or
K =5 can be useful when cost is binding, but the
extra calls remain a practical deployment cost. The
consensus weights in Eq. 5 are heuristic: Table 3
suggests that the method is not brittle to the chosen
weights, but does not establish that they are optimal.
Proposition 1 assumes independent permutation er-
rors, whereas repeated calls to the same model,
prompt, and candidate set are likely correlated;
such correlation can limit consensus gains. Finally,
the strongest evidence is on RewardBench 2 Fac-
tuality, while JudgeBench shows smaller pairwise
transfer. Our study isolates presentation-order vari-
ation and does not address issues such as bench-
mark validity, label noise, or hidden contamination.

Broader Impact and Ethical
Considerations

This work focuses on evaluation rather than direct
user-facing generation, but evaluation still shapes
what behaviors are rewarded during model devel-
opment and deployment. More stable factuality
judges can reduce incentives to reward confident
fabrication, make best-of-V pipelines less sensitive
to arbitrary prompt order, and make judge failures
easier to inspect when models are iterated rapidly.
At the same time, a factuality-first judge may over-
prefer terse caution, under-credit partially correct
exploratory answers, or entrench a benchmark’s

602



notion of acceptable uncertainty if it is deployed
outside its intended scope.

Because PCFJudge averages multiple judge calls,
it also increases API usage and, if adopted uncriti-
cally, may further concentrate the evaluative power
in proprietary systems. We therefore view it as a
limited-scope reliability layer that should be paired
with domain-specific audits, human oversight, and
benchmark validation rather than treated as a stand-
alone arbiter of truth. If evaluation infrastructure
shapes what future models are rewarded to learn,
then making that infrastructure less arbitrary is
a practical step toward reducing one pathway by
which hallucinations are reinforced.
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