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Abstract

LLM-as-a-judge has become a common ap-
proach for comparing candidate answers at
scale, but human experts who define what
counts as “better” remain a scarce and finite
resource. In practice, especially in professional
domains, the key question is not whether to use
the LLM judge or humans, but how to combine
them into a more efficient evaluation ecosys-
tem. We study five datasets spanning multi-
ple domains and diverse LLM tasks, and find
a consistent pattern: judge—human agreement
increases as the margin between two answers
grows, while model-produced factuality signals
weaken as the margin narrows. This pattern is
robust across datasets, different margin signals,
and judge model families. We further find that
the fact winner is not always the overall winner,
and fact-decidable questions are not necessar-
ily decided on factual grounds. Together, these
results support a fact-grounded but not fact-
only interpretation of comparison evaluation.
Motivated by these findings, we propose and
evaluate a practical route-by-margin evaluation
strategy: choose a target agreement level T7;
trust the LLM judge above the corresponding
margin threshold; and defer the remaining low-
margin cases to human experts, thereby using
each resource where it is strongest.

1 Introduction

With the development of large language mod-
els, an increasing number of applications in dif-
ferent forms have been developed (Zhao et al.,
2026): long-text Q&A, generated spreadsheets
(Chen et al., 2025), and code (Chen et al., 2021).
An important question in the development process,
then, is how to compare answers in order to make
iteration decisions. Given a question and two can-
didate answers, which one is better? Should we
ultimately release changes? Currently, LLM-as-a-
judge methods have been widely applied in such
evaluation (Zheng et al., 2023; Li et al., 2025), es-
pecially for large-scale tasks (Chiang et al., 2024).
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Figure 1: The margin-agreement trend holds across
datasets and judges, and supports held-out routing.
(a), (b) Judge-human agreement rises with the answer
A/B margin on every dataset, under Opus 4.6 (a) and
GPT-5.5 (b) (margin in six buckets, §3.3; buckets with
fewer than five pairs omitted; color distinguishes the
datasets; faint bars give the per-bucket sample size n,
drawn in light gray with only two ticks, 0 and its max).
(¢), (d) Pooled held-out coverage at calibration target 7T,
under Opus 4.6 (¢) and GPT-5.5 (d). For each held-out
fold, the other four folds select the highest-coverage
margin threshold whose agreement is at least 7T'; the
threshold is then applied unchanged to the held-out fold.
Each polygon is one calibration target (lighter = lenient,
darker = strict; shared legend, right).

Yet even with an LLM judge, the humans whose
preferences define “better” (Ouyang et al., 2022)
are expensive and finite (Zheng et al., 2023): in pro-
fessional domains they are subject-matter experts
(human experts) (Szymanski et al., 2025), and on
open-ended tasks they are trained annotators or a
voting crowd (Chiang et al., 2024). The practical
problem is therefore not the LLM judge or humans,
but how to better leverage both the LLM judge
and humans so that scarce human attention goes
only where it is actually needed, and a useful an-
swer must say, per comparison, when the LLM
judge can be trusted to decide alone and when a

3376

EMNLP 2026 Industry Track, pages 3376-3390
October 24-29, 2026 ©2026 Association for Computational Linguistics



human must be brought in (Shankar et al., 2024).
This paper studies how the margin (distance be-
tween two candidate answers, 0 means equally
good, 100 means one is dramatically better than
the other) affects the performance of the LLM
judge, and how it can serve as a routing signal
for judge-human collaboration. We conduct experi-
ments on five natively pairwise datasets (Table 1)
spanning diverse domains and LL.M tasks: three
public datasets and two expert-annotated datasets
in the Tax & Accounting domain. We analyze the
margin, its decomposition into fact-share, and its
separate fact-margin; we also perform ablations
over different margin signals (pairwise A/B mar-
gin, human margin, and rubric score margin), and
replicate results using two separate models. The
evaluation unit is the same throughout: a question
paired with two candidate answers, with agreement
with human preference as the evaluation metric.
We make three contributions. First, we show
that judge—human agreement rises with the answer
margin across five datasets, alternative margin sig-
nals, and two judge families. Second, model-based
analyses suggest that low-margin comparisons are
less often fact-separated; we characterize this pat-
tern as fact-grounded but not fact-only. Third, we
propose and validate route-by-margin with held-
out threshold transfer and compare it with fixed
uncertainty rules and a learned text-only router.

2 Related Work

Using a strong LLM to score or compare candidate
outputs is now a standard evaluation tool (Liu et al.,
2023; Liet al., 2025). LLM judges remain suscepti-
ble to the order in which the answers are presented
(Wang et al., 2024), a preference for longer answers
(Dubois et al., 2024), and a tendency to favor its
own generations (Panickssery et al., 2024). Pair-
wise preference is one of the most common signals
for both evaluating and aligning models (Ouyang
et al., 2022), since a “which is better” judgment is
easier to elicit reliably than an absolute score.
Expert domains such as tax, accounting, and
law sharply raise the cost of the ground-truth sig-
nal (Aguda et al., 2024; Tseng et al., 2025), and
the LLM judge’s agreement with the experts who
define “better” is markedly lower there than on gen-
eral instruction following (Szymanski et al., 2025).
Aligning an automated evaluator with those expert
preferences is itself an iterative, human-in-the-loop
process (Shankar et al., 2024). The efficient alloca-

tion of expert attention then becomes the binding
constraint on how fast a product can be evaluated.
Deferring uncertain decisions to humans is the
central idea behind selective prediction and the re-
ject option (Geifman and El-Yaniv, 2017), and be-
hind learning-to-defer (Madras et al., 2018; Mozan-
nar and Sontag, 2020). Routing between a model
and a human is a promising way to leverage both.

3  Setup

3.1 Datasets and Pairwise Construction

We experiment on five native pairwise datasets
spanning multiple domains and diverse LLM tasks
(Table 1). Three are public: MT-Bench (Zheng
et al., 2023), HelpSteer3 (Wang et al., 2025), and
SHP-2 (Ethayarajh et al., 2022) (restricted to fi-
nance/legal/business domains). The other two are
expert-annotated datasets we construct in the Tax &
Accounting domain: T&A QA (long-text Q&A col-
lected over six months) and T&A Calc (with spread-
sheet artifacts as outputs). We cast every dataset
into one common row schema (Q, vy, v2,p): a
question (), two candidate answers vy and v9, and
the ground-truth human preference p € {v1, v }.

All five sets are native pairwise, but each elic-
its and encodes the human preference differently.
MT-Bench records a human majority vote over
several annotators per pair; HelpSteer3 gives three-
annotator graded preferences, each a signed integer
from —3 to +3 (excluding 0) whose sign marks
the better answer and whose magnitude marks the
strength of the preference; SHP-2 provides a com-
munity upvote preference together with an upvote
score ratio; and T&A QA and T&A Calc carry
human expert pairwise preferences, the latter addi-
tionally with a four-dimensional rubric.

From each dataset we derive a binary ground-
truth label and a native margin signal where avail-
able. When a set already supplies a direct pairwise
label (MT-Bench, SHP-2, and both T&A sets),
we take it as the ground-truth preference; for Help-
Steer3 we instead recompute the label from the raw
annotator scores, taking the majority sign across a
pair’s available scores and dropping the rare pairs
whose scores split evenly. The native margin is
then dataset-specific: for HelpSteer3, the mean of
the annotators’ absolute scores (a human margin);
for SHP-2, the dataset-provided ratio of the two
comments’ upvote scores (also a human margin);
and for T&A Calc, the rubric score margin, the ab-
solute difference between the two answers’ overall
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Dataset Queries / pairs Domain Answer length Preference source

T&A QA 293 /1720 tax/acct/audit Q&A long, ~9.6k ch. human expert pairwise

T&A Calc 20/ 60 tax/acct calculation spreadsheets  long, ~11.8k ch. human expert pairwise (+ rubric)
MT-Bench  79/873 general chat/instructions (8 cat.)  short, ~0.9k ch. human majority vote

HelpSteer3 877 /877 general open-ended Q&A medium, ~1.8k ch.  3-annotator graded

SHP-2 383 /641 finance/legal/business Q&A short, ~0.7k ch. community upvote ratio

Table 1: The five evaluation datasets used in the main analysis. Each row is converted into the common pairwise
schema (Q, vy, v, p); “Queries / pairs” reports unique prompts and answer comparisons, domain shows the main
domain of the dataset, answer length is the mean character count per answer, and preference source shows how the

original human preference is collected.

rubric scores (s € [0, 1]; §3.2) rescaled to 0-100.
These native margins are the signals used in our
robustness analysis (§4.2). Dataset-construction
details are in Appendix A.

3.2 Experimental Design

Across all five datasets, we apply the same pairwise
evaluation pipeline: a simple LLM judge, a margin-
and-decomposition step, an independent two-stage
fact-margin extraction pipeline, and fact/non-fact
labeling. On T&A Calc, we additionally run a
pointwise rubric evaluation as an ablation.

Simple Pairwise LLLM-as-a-judge: Given only
a simple prompt, the baseline judge sees just
(Q,v1,v2) and chooses the better one.

Margin & Decomposition: A separate call rates
the overall answer A/B margin m € [0, 100] and
decomposes it into fact and non-fact shares, also
on a 0-100 scale and summing to 100. We use m
as the main answer A/B margin (Figure 1).

Fact-Margin & Fact Winner: We run an inde-
pendent two-stage, three-call fact-margin extrac-
tion pipeline. In the first stage, two separate calls
take (@, v1) and (Q,v2) and extract the atomic
factual claims from each. The second stage con-
sists of a final comparator call: it takes the ques-
tion and the two fact-claim lists, aligns them into
shared and unique claims, judges each distinct
claim as correct, incorrect, or unverifiable, and
returns seven counts: shared-correct st, shared-
incorrect s~, per-answer unique-correct u; and
unique-wrong u; for i € {1,2}, and unverifiable.
Write U; = u;L + u, for the claims unique to an-
swer i, n; = uf — u,; for its net unique-fact score,
and D = st + s~ 4+ U; + U, for the number of
distinct claims. We then derive the fact-margin

FM, fact-divergence FD, and the fact winner:

- Ui + U
pr= o2l g0 pp = T g0,
V1, ny > na,
FW = vy, no > ni,
tie, n1 = no.

Thus FM=0 means the two answers are equally
correct on the facts, while FM=100 means one is
far more correct; FW supplies the direction. If
D =0,weset FM = FD = 0 and FW = tie.

Fact/Non-fact Labels: We label factuality at
both the query and pair levels. The query-level
label sees () alone and decides whether it is fact-
decidable in principle. The pair-level label sees
(Q,v1,v2), the human preference (along with a
comment if available), and decides whether that
preference is fact-driven (one answer gets a veri-
fiable fact right or wrong) or non-fact/judgment-
driven (scope fit, completeness, clarity, tone, etc.).

Rubric Pointwise Evaluation: On T&A Calc
only, we add a pointwise rubric evaluation as a
pairwise-vs-pointwise ablation. Each question has
a human-reviewed four-dimensional rubric: Com-
putational Accuracy, Input Source Correctness,
Task Completeness, and Methodology Correctness.
For each answer, the LLM judge evaluates every
rubric item as pass, partial, or fail, correspond-
ing to scores of 1, 0.5, and 0. An item’s score is
computed by multiplying this verdict value by the
item’s maximum point value. The score for each di-
mension is then calculated as the total points earned
in that dimension divided by the maximum possi-
ble points for that dimension. The answer’s overall
rubric score s € [0, 1] is the equal-weight mean
of the four dimension scores. The rubric score
margin is |s1 — sa| x 100, and the rubric winner
is sign(s; — s2). Flagged errors are additionally
validated by human experts. (Appendix F).
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Signal Source and use

Judge preference p
compute agreement.

Answer A/B margin m

Fact share

Fact-margin FM

Fact winner FW

Human margin

Rubric score margin

Fact/non-fact labels
driven preferences.

Simple pairwise judge over (Q, v1, v2); compared with the recorded human preference to

Margin-and-decomposition call; main bucket and routing axis for agreement analyses.
Same margin-and-decomposition call; share of m attributed to factual differences.
Independent fact-claim pipeline; fact-level gap magnitude between v and va.

Same fact-claim pipeline; gives the more factually correct answer, or tie.

Dataset-provided strength signal; used to test robustness to non-judge margin signals.
pointwise rubric score gap |s1 — s2| X 100; used for the pointwise-vs-pairwise ablation.
Query-level and pair-level labels; used to distinguish fact-decidable questions from fact-

Table 2: Analysis signals used throughout the experiments. The table maps each quantity to its source in the pipeline
and to the analysis where it is used. Detailed definitions are in §3.2.

We independently experiment with two mod-
els from different families, Claude Opus 4.6 and
GPT-5.5 (Table 6), to test cross-family robust-
ness. We run with both models and report them
side by side. Because T&A Calc is small (n=60
pairs), we repeat selected preference and structured-
label components three times and aggregate. De-
tailed prompts and the full run inventory are in
Appendix C.

3.3 Margin Buckets and Metric

The metric throughout is the LLM judge’s agree-
ment with the human preference, on strict prefer-
ences only (ties and blanks excluded). We summa-
rize the relationship in two ways.

As a bin-free summary we report the Spearman
rank correlation p between a pair’s margin and
whether the LLM judge agrees with the human;
p > 0 means agreement rises with the margin, and
being rank-based it requires no bucket edges.

For readability we also bucket the margin using
edges at 0,16, 31,51, 71,91, 101 for every dataset,
defining left-closed intervals labeled <15, 16-30,
31-50, 51-70, 71-90, >90; buckets containing
fewer than five pairs are omitted because their
agreement estimates are unstable. Per-bucket 95%
Wilson intervals and the question-clustered boot-
strap interval on the overall agreement are reported
in Appendix G.

For HelpSteer3 and SHP-2 we additionally
study agreement against each set’s human margin
(annotator-score strength and upvote ratio, respec-
tively; §3.1), and for T&A Calc against the rubric
score margin (§4.2).

3.4 Route-by-Margin and Evaluation

Route-by-margin retains high-margin comparisons
for the LLLM judge and routes the rest to a human
expert. On labeled calibration set D, let Cp(7) and

Ap(7) denote coverage and judge—human agree-
ment among cases with margin at least 7. For
required agreement 7', we select

7(T) € argmax Cp(7), s.t. Ap(7) > T.

Future cases with margin at least 7*(7") remain
with the LLM judge; the rest go to an expert.

We compare against three fixed rules and one
learned router. Self-consistency retains unanimous
same-model repeats; cross-model agreement re-
tains cases where judge models agree; and majority-
low confidence routes cases when most runs report
low confidence. A per-dataset logistic regression
predicts judge—human agreement from (Q, vy, v2).

We report coverage (the fraction retained for the
LLM judge), selective agreement (judge—human
agreement on that set), and selective risk (one mi-
nus agreement). Fixed rules yield one coverage—
agreement point. Continuous scores are compared
by AURC (lower is better), and learned-router dis-
crimination by AUROC.

To test threshold transfer for Route-by-margin,
we use five deterministic, query-group-preserving
folds. For each T, four folds calibrate 7*(T),
which is applied unchanged to the fifth. Thresh-
olds range over distinct margins, with ties retained
together; rotating the held-out fold yields pooled
results. The learned router uses nested, group-
preserving folds to prevent leakage; fixed rules
require no fitting and are evaluated at predefined
operating points. Details are in Appendix D.

4 Results

4.1 Agreement Rises With the Margin

On every dataset, the wider the gap between
the two answers, the more often the LLM judge
agrees with the human. A simple LLM judge
that sees only (Q, v1, v2) agrees with the recorded
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human preference on 61.5-82.5% of pairs overall
(Table 3), but that single number hides structure:
once pairs are bucketed by their margin, agreement
climbs from near chance at near-ties to close to
100% at the widest gaps, nearly monotonically on
every dataset and for both judges (Figure 1).

A bin-free rank correlation between margin and
agreement, which avoids bucket choices, is posi-
tive throughout (Opus p from 0.16 to 0.39, GPT-
5.5 from 0.25 to 0.45). The replicated association
across the distinct architectures and training data of
Opus 4.6 and GPT-5.5 demonstrates cross-family
robustness.

Opus 4.6 GPT-5.5
Dataset agree p agree p
T&A QA 67.1 0.28 61.9 0.27
T&A Calc 71.2 0.16 61.5 0.25
MT-Bench 82.5 0.35 82.4 0.41
HelpSteer3 75.1 0.33 77.0 0.31
SHP-2 78.6 0.39 71.5 0.45

Table 3: Overall judge—human agreement (%) and the
bin-free margin-agreement rank correlation p (§3.3) for
all five datasets and both judges. p is positive on every
dataset for both judges.

4.2 The Trend Is Robust Across Margin
Signals

The margin trend generalizes across alternative
margin signals. Using each dataset’s own human
margin where available, HelpSteer3’s mean anno-
tator preference strength and SHP-2’s community
upvote ratio, agreement rises with the human mar-
gin just as it does with the A/B margin, under both
judges (Figure 2a,b; p ~ 0.25).

T&A Calc supplies a sharper test through
pointwise rubric scoring (Figure 2¢). Each an-
swer is graded on a human expert-authored four-
dimensional rubric, and the answer with the higher
overall rubric score is taken as the pointwise win-
ner; this winner matches the human expert pairwise
preference on 69.2% of pairs (67.3% under GPT-
5.5). Bucketed by the rubric score margin, agree-
ment again climbs monotonically from 50% for
near ties to 100% at the widest gaps (p = 0.44 for
Opus and 0.39 for GPT-5.5). On this small set, the
A/B margin yields a weak trend (n=52, p=0.16 for
Opus and 0.25 for GPT-5.5), whereas the pointwise
rubric margin recovers a sharper, fully monotone
rise on the same pairs.

The pattern survives a change of both the margin

~8—Opus 4.6 =0=GPT-5.5

(a) HelpSteer3 (c) T&A Calc rubric

Opusn
100 = mGPT-550

agree (%)

10-15 1520 2025 2530
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(b) SHP-2

agree (%)

agree (%)
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Figure 2: The margin trend is robust to different mar-
gin signals (both judges: Opus solid, GPT-5.5 dashed).
Judge-human agreement rises with each dataset’s own
native margin signals: Human margin (a) HelpSteer3’s
mean annotator |score| and (b) SHP-2’s upvote ratio;
and (c) T&A Calc’s pointwise rubric score margin. In
every panel the two lines are the judges’ agreement and
the light bars give each bucket’s size n; in (a), (b) n
is identical for both judges (the bins are on the human
margin), in (c) the two shades are the per-judge n.

signal and the evaluation paradigm. Human experts
confirm the rubric judge’s flagged errors on 85.2%
of 1,216 validated items (Appendix F).

4.3 A Smaller Margin Indicates a Less
Factual Comparison

Smaller margins have a lower fact-share and
carry a smaller fact-margin. As A/B answer mar-
gin narrows, factual share of that margin declines,
as does the fact-margin computed by an indepen-
dent fact-margin extraction pipeline, consistently
across all datasets and for both judges (Figure 3).
These two independent signals suggest that, as two
answers become more similar, factual differences
explain less of their gap and the answers increas-
ingly resemble each other at the factual level.

4.4 Margin Thresholds Transfer to Held-Out
Query Groups

Margin thresholds selected on calibration data
transfer to held-out groups. Across target agree-
ment levels, thresholds calibrated as described in
§3.4 yield pooled held-out agreement close to the
target and coverage close to calibration coverage
on the four larger datasets (Figure 4). Transfer is
less stable on T&A Calc because its 52 strict com-
parisons leave only 1011 examples per held-out
fold. These results support threshold transfer to
unseen query groups.
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Dataset No route Self-consistency Cross-model Majority-low LR AURC
Agree. C/ Agree. C/ Agree. C/Agree. AUROC LR/Margin
T&A QA 67.1 98.5/67.4 80.6/68.0 68.8/72.6 .587 272/ .213
T&A Calc 71.2 100.0/71.2 71.2/73.0 69.2/69.4 440 2971197
MT-Bench 82.5 97.0/83.1 87.7/86.9 86.0/86.3 518 .166/.070
HelpSteer3 75.1 97.1/76.4 79.5/82.8 78.4/81.1 532 230/ .125
SHP-2 78.6 98.8/78.8 87.2/178.7 92.7/80.3 713 .108 /.081

Table 4: Routing baselines for Opus 4.6 judgments. C / Agree. is retained-set coverage / judge—human agreement
in percent. The three hard rules have fixed operating points. LR is evaluated with nested, query-group-preserving
folds; higher AUROC is better. AURC summarizes selective risk across coverage; lower is better.
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Figure 3: Model-produced factuality signals rise with
the A/B margin under both judges. As the answer
A/B margin grows, the per-dataset fact-margin (lines,
left axis) and the fact-share of the margin (bars, right
axis) both rise, under Opus 4.6 (a) and GPT-5.5 (b).
Color denotes the dataset.

4.5 Alternative Routing Signals

Alternative signals yield dataset-specific gains,
while margin remains consistently useful. Self-
consistency routes only 0-3% of comparisons
and changes agreement little. Cross-model agree-
ment helps most on MT-Bench and HelpSteer3,
while majority-low confidence improves retained-
set agreement on four datasets, with T&A Calc as
the exception. The learned router discriminates
clearly on SHP-2; margin has lower AURC on all
five datasets (Table 4).

Operationally, margin adds one estimation call
and provides a continuum of risk—coverage oper-
ating points. Cross-model routing adds a second
judge-family call; self-consistency and majority-
low confidence use three Opus preference calls.

(a) Agreement transfer
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Figure 4: Five-fold held-out transfer for route-by-
margin using Opus 4.6. Each point pools five held-out
folds for one dataset—target pair. (a) Held-out agreement
versus 1; (b) pooled held-out versus mean calibration-
fold coverage. Dotted diagonals mark exact transfer.
For each target, four folds select a threshold, which is
applied unchanged to the fifth; held-out labels are used
only for evaluation.

Overall, route-by-margin is an empirically vali-
dated operational strategy within selective predic-
tion and learning to defer.

5 Discussion

5.1 A Model-Based Fact-Grounded but Not
Fact-Only Interpretation

The fact winner and overall winner frequently
diverge. An independent fact winner (FW), the
answer with more net-correct checkable claims,
predicts the human preference on at most 80.1% of
pairs and on roughly two-thirds for most datasets
(Table 5), below the full simple LLM-as-a-judge
baseline (Table 3). The full judge’s higher agree-
ment shows that qualities beyond factual differ-
ences contribute to preference.

Fact-decidable questions are not necessarily
fact-decided. On expert-annotated T&A sets most
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questions are fact-decidable (72.4% of T&A QA
and 60.0% of T&A Calc; Table 5), yet far fewer
pairwise differences are labeled fact-driven (18.1%
and 28.3%): both answers clear the factual bar, so
the comparison turns on non-fact considerations.

Comparison evaluation is entering a fact-
grounded but not fact-only stage. Factual cor-
rectness remains a floor, but completeness, scope,
clarity, and usefulness can decide between answers
that are difficult to separate factually.

Opus 4.6 GPT-5.5
Dataset Jqf  %opf fw %qf  %pf fw
T&A QA 724 181 639 785 254 647
T&A Cale 600 283 667 700 383 640
MT-Bench 494 520 767 506 60.6 80.1
HelpSteer3 156 274 632 141 445 620
SHP-2 26 417  66.1 44 502 651

Table 5: The comparison is fact-grounded but not
fact-only. %qf: share of queries fact-decidable in prin-
ciple; %pf: share of pairwise preferences that are fact-
driven; fw: how often an independent fact winner pre-
dicts the human preference. Many questions are fact-
decidable yet far fewer differences are fact-driven, and
across every set the fact winner predicts the preference
on only 62-80% of pairs, well below the full judge.

5.2 Applying Route-by-Margin in Practice

In deployment, historical labeled comparisons form
the calibration set. For minimum agreement 7',
route-by-margin selects and freezes the highest-
coverage feasible threshold for future comparisons.

Coverage and the target agreement involve a
trade-off. A higher 7 raises the threshold, lowers
LLM coverage, and sends more comparisons to
an SME; a lower 7' retains more, including harder,
lower-margin cases. There is an inherent tension be-
tween a higher 7" and higher coverage. Figure 1(c,
d) shows held-out coverage across targets.

The optimal operating point depends on the
application. Each distinct threshold defines one
point on the risk—coverage frontier (Figure 5). The
appropriate 7' depends on automated-error cost and
available SME capacity. High-stakes applications
may favor greater agreement and expert review;
high-volume, lower-risk settings may favor greater
coverage. A deployment should report its selected
T, threshold, calibration agreement, and coverage,
and recalibrate when the judge, margin prompt,
domain, or answer distribution changes.

This perspective also clarifies where the LLM
judge should improve. Higher overall agreement
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Figure 5: Applying route-by-margin with historical
labeled data. Using Opus 4.6 results, each point rep-
resents a distinct deployable margin threshold; equal-
margin comparisons enter together. Moving to higher
coverage retains more LLM-judged comparisons but
may increase selective risk. The curve shows operating
points for application-specific calibration.

need not reduce SME demand if gains concentrate
on easy, high-margin comparisons. Progress means
pushing the coverage—agreement frontier outward:
retaining more comparisons at fixed agreement, or
higher agreement at fixed coverage. This matters
as candidate answers converge: margins decrease
across successive collection batches (Appendix H),
shifting more comparisons toward the low-margin
region. The central challenge is therefore to
judge near-ties reliably. Improving accuracy on
small-margin pairs keeps more with the LLM judge,
reduces SME load, and sustains route-by-margin
as candidate answers become harder to distinguish.

6 Conclusion

This paper asks: how can LLM judges and
human experts be combined in a more effi-
cient evaluation ecosystem? Across five pairwise
datasets spanning domains and tasks, judge—human
agreement consistently increases with answer mar-
gin. This relationship is robust across datasets,
margin signals, and two judge families.

Model-based factuality analyses further suggest
that close comparisons are less often fact-separated:
fact winners do not always match overall winners,
and fact-decidable questions are not always decided
factually. This supports a fact-grounded but not
fact-only view of comparison evaluation. We there-
fore propose route-by-margin: calibrate a margin
threshold 7 for target agreement 7', retain higher-
margin comparisons for the LLM judge, and defer
the low-margin tail to human experts. Held-out
transfer and routing-baseline comparisons support
this strategy as a practical way to focus scarce hu-
man attention.
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Limitations

Small T&A Calc set. The T&A Calc dataset is
small, with only 60 pairs from 20 questions (52
strict; preference and selected structured labels use
three runs to limit noise). The per-bucket agree-
ments, the rubric-margin trend, and any routing
threshold calibrated on this set therefore rest on
few pairs and carry wide intervals, and the weak
A/B-margin trend on this dataset (p=0.16) is partly
a small-sample effect; a deployment should cali-
brate its threshold on a larger labeled sample.

Model-produced signals. The A/B margin,
its fact/non-fact decomposition, the fact-margin,
and the fact/non-fact labels are produced by the
LLM judges themselves (Claude Opus 4.6 and
GPT-5.5) and may inherit their biases and run-
to-run non-determinism. Independent SME fac-
tuality annotations are unavailable, leaving these
signals without direct factuality validation. Ro-
bustness checks substitute each dataset’s native
human margin (HelpSteer3 and SHP-2) and the
expert-authored rubric score margin (T&A Calc);
all recover the same trend (§4.2). These judge-
independent signals reduce this dependence on the
datasets where they are available. A fully inde-
pendent margin signal is an important direction for
future work.

Single longitudinal set and retrospective rout-
ing. The margin-erosion-over-time trend is ob-
served only on the one set with collection times-
tamps (T&A QA); the external sets are single snap-
shots.

Scope of repeated-run evaluation. The panel-
based routing baselines use three Opus preference
runs. GPT-5.5 supplies one preference run on four
main datasets and three on T&A Calc, while most
margin and factuality components are evaluated
once per judge. Thus, our repeated-run analysis
focuses on Opus preference routing; extending it
across judge models and intermediate labels is fu-
ture work.

Baseline scope. The three fixed routing base-
lines use predefined rules without dataset-specific
tuning. The learned router is a lightweight logistic
regression over frozen all-MiniLM-L6-v2 embed-
dings and simple length/similarity features; only its
regularization is selected on the inner folds. Future
work may compare stronger, task-adapted learned
routers and more extensively tuned routing alterna-
tives.
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Appendix overview

This appendix gives the full construction, config-
uration, prompts, scoring rules, and per-dataset
detail behind the main results; each section is self-

contained.

Dataset construction

Judge configuration
Experiment pipeline & prompts
Routing evaluation details
Rubric scoring

Error validation

Confidence & reliability
Margins erode over time

—~ T QmmOAaw>

Results on additional datasets

A Dataset Construction

Every dataset is reduced to the common schema
(Q, vy, va, preference) and we keep strict prefer-
ences only (ties and blanks dropped).

A.1 Expert-Annotated T&A Datasets

T&A QA. Answer pairs are collected from a
Q&A task in the Tax & Accounting domain. Anno-
tations come from eight evaluation batches over six
months (from Nov 2025 to May 2026); a batch date
derived from each label (a trailing MM-DD) drives
the longitudinal trend (§H).

T&A Calc. Twenty calculation questions, each
answered four times, give 80 answers, 60 pairs, 52
with a strict human expert preference. Each answer
is its written response plus its output spreadsheet
serialized to text, so the LLM judge grades the
same two-part artifact. Human expert preferences,
free-text comments, and per-rubric-item error vali-
dation were all collected for this set, which is what
lets it carry the rubric and error-validation analyses
(§E-F).

A.2 External Public Sets

The three external sets in the main five are MT-
Bench (Zheng et al., 2023), model-vs-model an-
swers to an MT-Bench prompt with a human ma-
jority vote (we keep pairs with a strict majority);
HelpSteer3, each pair rated by three annotators
on a —3..43 scale, the preference being the ma-
jority sign; and SHP-2, two comments under one
Reddit post, the preference being the more-upvoted
comment.

Four further public sets (LLMBar, Reward-
Bench, CaseHOLD, and CFA), run under Opus
4.6 only, are introduced and analyzed together in
Appendix L.1.

A.3 Human Margins

Three datasets carry a human margin, a human-
side magnitude of preference we substitute for the
LLM judge’s A/B margin in the robustness check
(§4.2). HelpSteer3: the mean of the three annota-
tors’ |score| (distance from neutral), so a pair that
all three annotators rate +3 has a larger margin
than one rated 1. SHP-2: the upvote ratio (higher
/ lower comment), a crowd-scale confidence in the
preferred side. T&A Calc rubric score margin:
the absolute difference between the two answers’
pointwise rubric scores (§E), a model-graded but
pointwise quantity that evaluates the two answers
separately and is therefore independent of the A/B
call. Each is bucketed on interpretable fixed edges:
HelpSteer3 in Figure 2a, SHP-2 in 2b, and the
rubric score margin in 2c.

B Judge Configuration

We run two judges through one identical pipeline:
Claude Opus 4.6 and GPT-5.5. Their distinct ar-
chitectures and training data make the reproduced
margin trend evidence of a comparison-level effect
across model families. Both process inputs without
truncation and use a 128k-token output cap; struc-
tured tasks return strict JSON and the rubric judge
uses a forced tool call. Decoding is each vendor’s
default (the reasoning models reject an explicit tem-
perature / top-p, so none is set). Content is cached
by prompt, so every result is reproducible, and the
two judges write to separate result trees so each
number stays traceable to its LLM judge. Replica-
tion varies by component as detailed below.

Judge Cutoff Config (default)

Claude Opus 4.6 Aug 2025  no truncation; 128k out-
put; strict JSON / forced
tool

GPT-5.5 Dec 2025  identical

Table 6: The two judges. Knowledge-cutoff entries are
the vendor-published training cutoffs (month granular-
ity). Both run the identical prompts, input handling, and
decoding; only the underlying model differs.

Run inventory. The five main datasets have three
identical-prompt Opus preference runs for the self-
consistency and majority-low baselines. GPT-5.5
has one preference run per dataset except T&A
Calc, which has three. Margin decomposition and
the query-/pair-factuality labels are single-run per
judge except on T&A Calc, where they are repeated
three times and aggregated. The fact-margin and
rubric pipelines are single-run per judge.
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Persona configuration. Every main experiment
uses a fixed persona matched to the dataset. The
same role is used for Opus and GPT-5.5 within each
dataset; preference and structured-label prompts
differ only in their task instructions.

Dataset Persona used in the main experiments

T&A QA, T&A Senior tax and accounting expert answer-
Calc ing and assessing complex professional
questions.

Senior expert answering and assess-
ing complex questions across many do-
mains.

Senior expert answering and assess-
ing complex questions across many do-
mains.

Senior expert in finance, law, and busi-
ness answering and assessing questions
in those domains.

MT-Bench

HelpSteer3

SHP-2

Table 7: Dataset-matched personas used for the five
main datasets. Persona text remains fixed within each
dataset; routing uses the margin signal.

Persona robustness. We compare a detailed
dataset-matched persona with a shorter, domain-
appropriate persona on MT-Bench and two addi-
tional public benchmarks: LLMBar, which tests
instruction following under adversarial compar-
isons, and RewardBench, which spans chat, safety,
and reasoning preferences. Table 8 reports judge—
human agreement and the item-level Spearman cor-
relation between margin and agreement for one
Opus run per condition.

Dataset Persona

MT-Bench

Agree. / p

Detailed: expert across writ- 82.0/.346
ing, roleplay, reasoning, math,

coding, extraction, STEM,

and humanities

Shorter: senior expert across 82.5/.345
many domains
Detailed:
following and
quality expert
Shorter: senior expert answer- 77.1/.340
ing professional and complex

questions

RewardBench Detailed: helpful, harmless, 91.9/.337
and accurate response expert

across chat, safety, and rea-

soning

Shorter: helpful, harmless, 91.4/.346
and accurate  response-
assessment expert

LLMBar instruction- 82.3/.262

response-

Table 8: Persona robustness. Entries are judge—human
agreement (%) and Spearman p between margin and
the agreement indicator. Each persona condition is one
Opus run.

The two personas yield similar agreement and
margin—agreement association on MT-Bench and

RewardBench, while LLMBar agreement differs
by 5.2 points. The association remains positive in
all six conditions (p = .262—.346). These results
show that the qualitative margin relationship per-
sists across the tested persona variants, although
persona choice can affect absolute agreement. The
comparison is single-run and does not include Help-
Steer3 or SHP-2.

C Experiment Pipeline and Prompts

The pipeline has six LLM components per dataset,
each a separate cached call: the baseline judge
(the A/B preference and binary confidence), the
margin decomposition (overall margin split into
fact / non-fact shares), the query-fact and pair-
fact labels, and the two-stage fact-margin pipeline
(per-answer claim extraction, then a comparator).
T&A Calc additionally carries the rubric judge (§E).
We quote each prompt’s operative text below.

Persona and controls. Two controls keep the
cross-dataset comparison fair. First, position:
v1 /v9 order is randomized on the public sets, yield-
ing balanced position preferences (§3). Second,
persona: the expert-annotated T&A sets (T&A QA,
T&A Calc) keep the original tax-and-accounting
persona; the public sets swap in a domain-matched
persona (e.g. “a senior legal expert” for Case HOLD
and “a senior finance expert” for CFA), extend-
ing the cross-dataset analysis beyond the tax fram-
ing. The fact/non-fact label bodies are identical
across datasets, with only the persona line and the
fact examples generalized (“an IRC/ASC statute”
becomes “an established rule or citation”); the
fact/non-fact concept itself is held fixed.

Baseline judge. The headline LLLM judge uses
(Q,v1,v2) as its complete input:

You are a senior tax & accounting expert who is good at
answering complex Tax and Accounting questions.

You will be shown a user question and two candidate answers,
V1 and V2. You need to apply your expertise and knowledge to
decide which answer is better as an answer to the question.

Output STRICT JSON: a single object {"preference”: "V1"|"V2",
"confidence”: "high"|"low”, "reason”: "<short>"}. No prose.

The listing shows the T&A role; public datasets
substitute the corresponding persona in Table 7
without changing the decision task.

Margin decomposition. One call rates the over-
all gap and splits it into fact / non-fact shares (the
source of the A/B margin and fact-share in Fig-
ure 3):
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You will be shown a Question and two candidate answers (V1, V2
). Rate the OVERALL gap between them as answers to this
question -- weighing everything that matters together

winner: "V1" | "v2"

margin: integer 0-100 (@ = the two are equally good overall
, 100 = one is dramatically better)
Then decompose the margin into two shares that sum to 100:

fact_share : % of the gap driven by FACT factors --
factual/numerical/computational correctness, the right rule,
citation, threshold, date or amount, a correct yes/no
determination, non-fabrication, being responsive vs off-topic.
These have a determinate, checkable right answer

nonfact_share : % driven by NON-FACT factors -- completeness
/scope trade-offs, clarity, organization, concision, tone,
formatting, citation style, practical usefulness -- judgment
calls where competent experts could differ

fact_share + nonfact_share MUST equal 100.
Output STRICT JSON: {"winner"”,"margin”,"fact_share"”,"
nonfact_share”,"basis”}. No prose.

Example Public MT-Bench compar- Observed
ison

Low mar- Both answers correctly com- m=2; human
gin pute 8,000 + 4,000 = VI;judge V2
12,000; V1 is more step-by-

step and V2 more concise.

A grammar task contains m=99; human
many errors; V1 says none V2;judge V2
exist, while V2 supplies a

corrected paragraph.

High
margin

Table 9: Low- and high-margin examples. A small
presentational difference yields a near-tie and judge—
human disagreement; a decisive defect yields a large
margin and agreement.

Query-fact and pair-fact. Two independent la-
bels ask whether the question is fact-decidable in
principle, and whether the recorded preference ac-
tually turned on a verifiable fact:

[query-fact] Decide whether the question is fact-decidable IN
PRINCIPLE:

"fact” -- determinate, checkable answer: a specific
number/threshold/date, a statute or rule, a yes/no, or a
single correct procedure. Two competent experts who looked it
up would agree.

"non-fact” -- open-ended/advisory: analysis, strategy, trade
-offs, planning, explanation, with no single correct answer

[pair-fact] Given Q, V1, V2, the human expert's preferred
answer and (often) the human expert comment, decide WHY the
human expert preferred one answer:

"fact” -- the preference is driven by which answer gets
a verifiable fact RIGHT (the other is wrong, fabricates, cites
the wrong rule, uses a stale threshold, or is non-responsive)

"non-fact” -- both answers clear the core facts; the
preference turns on judgment: scope, completeness, concision,
clarity, usefulness, tone. The human expert comment is the
strongest signal and is weighted heavily when present.

Fact-margin pipeline (independent of the decom-
position). Stage 1 extracts each answer’s check-
able claims (per-answer, cached); stage 2 aligns
and grades them:

[extract] Extract the answer's atomic, CHECKABLE factual
claims -- each a statement verifiable true or false (a number/
value/date, an established rule/standard/citation, a yes/no, a
definition, or a computed result). No opinions, hedging, or
restatements.

Output: {"claims”: ["<claim>", ...]}

[compare] Given the question and the two claim lists (A1, A2):
1. Align: a claim is SHARED if both lists assert the same fact
, else UNIQUE to its side.

2. Judge each distinct claim: correct / incorrect /
unverifiable.

3. Count into: shared_correct, shared_incorrect,
Al_correct_unique, Al_wrong_unique, A2_correct_unique,
A2_wrong_unique, unverifiable.

From these counts we derive two magnitudes:
the fact-margin, the absolute net-correct fact gap
(with the fact winner supplying direction), and
fact_divergence, the share of distinct claims the two
answers disagree on. Both rise with the A/B mar-
gin (e.g. fact_divergence 44% — 100% on T&A
QA, 43% — 100% on HelpSteer3).

D Routing Evaluation Details

Held-out reporting. We pool retained and cor-
rect counts across the five held-out folds and com-
pute coverage and agreement from these pooled
counts. Figure 4 evaluates Opus from each
dataset’s no-routing agreement at 2.5-point targets
through 95%. Figure 1(c,d) shows the 70, 80, 90,
and 95% subset and applies the same protocol sep-
arately to both judge families.

Fixed rules and vote entropy. Self-consistency
retains an item only when all three Opus prefer-
ences are identical. For three binary votes, vote
entropy is zero exactly in this unanimous case,
SO routing nonzero-entropy items is the same rule.
Cross-model agreement retains an item only when
Opus and GPT-5.5 agree; with two binary votes,
nonzero vote entropy is exactly cross-model dis-
agreement. Majority-low confidence routes an item
when at least two of three Opus calls report low
confidence. These rules use predefined operating
points. The additional calls supply routing signals,
while retained-set agreement uses the primary Opus
preference.

Learned router. We train one logistic regression
per dataset to predict whether the primary Opus
preference agrees with the human, using @, vy, and
vy as inputs. All-MiniLM-L6-v2 separately em-
beds the three texts; long inputs are split into non-
overlapping 256-token chunks whose mean-pooled
embeddings are averaged and normalized. Sym-
metric pair features and nine deterministic length-
/similarity features form the classifier input. In
nested query-group-preserving five-fold evaluation,
inner folds choose regularization by log loss and
outer folds produce final predictions. Sweeping the
predicted probability traces its risk—coverage curve.
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AURC averages selective risk over coverage with
ties handled by expected random ordering. Margin
AURC is computed from the corresponding Opus
margin ranking.

Inference cost. Margin adds one margin-
estimation call. Cross-model agreement adds one
GPT-5.5 preference call. Self-consistency and
majority-low confidence share two additional Opus
calls, for three Opus preference runs total. The
learned router adds training and local encoder in-
ference but no routing-time LLM call.

E Rubric Scoring

Each example in the T&A Calc dataset carries an
expert-reviewed four-dimensional rubric, which
scores each answer pointwise. The rubric spans
four dimensions:

» Computational Accuracy (pass / fail)

* Input-Source Correctness (pass / fail)

» Task Completeness (pass / partial / fail)
* Methodology (pass / partial / fail)

The fact / non-fact distinction is made per
rubric item: as it grades each item, the LLM judge
also labels it as a checkable-fact criterion (a specific
number, threshold, date, statute, citation, yes/no, or
single correct procedure) or a non-fact judgment
criterion (completeness, scope, clarity, organiza-
tion, tone, or usefulness), and every dimension car-
ries a mix of both.

Each item additionally returns the LLM judge’s
confidence (0—100) and a severity (1-4). One LLM
call grades all items of a single (answer, dimen-
sion); the grading prompt is the production per-
dimension prompt with this addendum:

For EACH rubric item, give "verdict”, a brief "explanation”,
and three more fields:

"fact_nonfact” ("fact”|"non-fact”) -- is this a checkable-
fact criterion (a specific number/threshold/date, a statute/
citation, a yes/no, a single correct procedure) or a judgment
criterion (completeness/scope, clarity, organization, tone,
usefulness)?

"confidence” (0-100) -- confidence in THIS item's verdict.

"severe”" (1-4) -- importance of this criterion to the
OVERALL answer.

Scoring rules. A verdict maps to a coefficient
(pass=1, partial=0.5, fail=0). The pointwise
dimension score is a points-weighted pass rate,
>, verdict; p;/ >, p;, averaged over the four di-
mensions; the pairwise winner is the higher-
scoring answer. We compare the plain points-
weighted score (vxp) with a severity-weighted

all items by item type
Judge VXPp VXPXS fact non-fact
Opus 4.6 69.2 69.2 70.0 69.4
GPT-5.5 67.3 67.3 71.2 63.2

Table 10: T&A Calc rubric pointwise agreement (%)
with the human expert pairwise preference, by scor-
ing rule. vxp: verdict coefficient X points; vXpXxs:
additionally x severity. Severity weighting leaves the
pairwise winner, and hence the agreement, unchanged
for both judges (no confidence term is used). Scoring
from only the items the judge labels fact versus only the
non-fact items shows the fact items predict the prefer-
ence at least as well, and markedly better for GPT-5.5
(71.2 vs. 63.2); n=38-52 pairs are decided (ties on a
score excluded).

variant (v X pxs); both exclude confidence. Sever-
ity weighting preserves the pairwise winner and
agreement (69.2% Opus, 67.3% GPT-5.5; Ta-
ble 10); we therefore report the simple vxp score
in the body. Scoring from only the items that the
LLM judge labels fact predicts the human expert
preference at least as well as the non-fact items,
and clearly better for GPT-5.5, consistent with the
fact-grounded but not fact-only stage of the main
text.

The LLM judge is more confident on fact items.
On the T&A Calc rubric items, where each graded
item carries both a fact/non-fact label and a 0-
100 self-confidence, both judges report markedly
higher confidence on fact items than on non-
fact items: Opus averages 93.8 vs. 88.4 (a high-
confidence rate, > 90, of 82.9% vs. 59.7%) and
GPT-5.5 97.4 vs. 95.7 (93.5% vs. 90.0%). The
bulk of rubric items are fact criteria (= 89-92%),
while overall preferences still depend on judgment
items (§5.1). The LLM judge is surest on check-
able items and least sure on the judgment items that
decide close calls.

F Error Validation

The error-validation result (§4.2) is a precision
check on the errors the rubric judge flags, separate
from the pairwise-agreement number. We draw 20
questions from the LLLM judge runs; for each, the
LLM judge’s flagged rubric issues on two answers
are listed, giving 1,226 listed issues. A human
expert determines whether each issue is genuine.
Human experts confirm the flagged error on
1,036/1,216 = 85.2% of the issues carrying a ver-
dict; the remaining 10 issues were left unmarked.
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Dataset <15 16-30 31-50 51-70 71-90 >90
Opus 4.6

T&A QA 52.9 (46,60) 65.0 (59,70 78.6 (66,87 85.0 (77,91 86.8 (75,94) —
T&A Calc 60.0 31,83 65.2 4s581) T72.7 43,90 100 (68,100 — —
MT-Bench 56.7 (44,68 67.4 (60.74) 73.8 (65.81) 84.3 (79.89) 95.9 (92.98) 98.5 (95,100
HelpSteer3 55.9 47,65 64.7 (59,70 79.7 (712.85) 90.8 (86,94) 97.1 (90,99 —
SHP-2 59.3 (1,76 60.3 (53,67 70.3 61,78) 79.0 (71.85) 98.6 (95,100) 100 (95,100)
GPT-5.5

T&A QA 48.8 (43,55) 60.4 (54,66 76.6 (67.84) 79.6 (67.88) 85.5 (74.92) 83.3 (44,97)
T&A Calc 61.1 39,80 38.9 0,61) 75.0 41,93) — — —
MT-Bench 49.5 (0,59 66.3 (59,73) 84.3 (78.89) 92.2 (85.96) 97.4 (94,99) 97.7 94,99)
HelpSteer3 53.8 (6,62) 73.0 68.78) 82.4 (717,87 89.3 (82,94) 95.7 (90,98) —
SHP-2 39.0 (26,54 49.6 (41,58 55.3 @6.64) 76.9 (68.84) 92.0 (87,95 100 (95,100)

Table 11: Per-bucket judge—human agreement % with 95% Wilson intervals (aoni ), for both judges (omitted from
Fig. 1 for legibility). Buckets with fewer than five pairs are left empty (§3.3). Masking is per judge: a sparse
high-margin cell can be populated for one judge and not the other (e.g. the >90 bucket on T&A QA, n=6 under
GPT-5.5 but n=2 under Opus 4.6), and the small T&A Calc set leaves several high-margin cells unpopulated under

both.

Residual disagreements concentrate in a few ques-
tions and predominantly reflect rubric-quality is-
sues, such as over-strict or mistaken gold expec-
tations. The high confirmation rate supports the
item-level reliability of flagged errors, including
hard pairwise cases.

G Per-Bucket Reliability

Per-bucket intervals. Table 11 gives the 95%
Wilson interval on each margin bucket’s agreement
for both judges. Overall agreements additionally
carry a question-clustered bootstrap interval where
pairs share a question (T&A QA, T&A Calc, SHP-
2); HelpSteer3 has one pair per question, so no
clustering applies.

H Margins Erode Over Time

On T&A QA, whose pairs carry collection times-
tamps, the mean answer A/B margin more than
halves over roughly six months, and its fact-margin
and the LLM judge’s agreement fall in step (Fig-
ure 6). As the underlying models improve, the
two candidate answers to a question become harder
to tell apart, pushing more comparisons into the
low-margin tail where the LLM judge is least re-
liable. The hard-case slice grows over time. This
longitudinal evidence comes from T&A QA, the
dataset with timestamps; the external sets are single
snapshots.

I Results on Additional Datasets

Beyond the main five, we also ran the experiment
and analysis pipeline on four additional public
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Figure 6: T&A QA over successive collection batches
(as base models improve): the answer A/B margin, its
fact-margin, and judge—human expert agreement all de-
cline together.

datasets. We report the full per-dataset numbers for
these additional public sets here.

1.1 Additional Public Sets

These four further public datasets use Opus 4.6
to map how far the margin trend reaches across
domains, answer formats, and difficulty (Ta-
ble 12). Each is reduced to the common schema
(Q,v1,v2,p) with a native preference and, for
the multiple-choice sets, a randomized gold side,
making a fixed-position judge score near 50%.
LLMBar is an adversarial meta-evaluation set for
LLM judges (one output is objectively better, with
splits where the worse one is crafted to look su-
perficially better). RewardBench is a chosen-
vs-rejected assistant-preference benchmark over
chat, safety, and reasoning (we drop its 11mbar-*
subsets, which duplicate LLMBar). CaseHOLD
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Dataset Queries / pairs Domain Answer length Preference source

LLMBar 419/419 instruction-following (adversarial)  short, ~0.5k ch. gold better output
RewardBench  382/382 assistant: chat / safety / reasoning ~ medium, ~0.9k ch.  chosen vs. rejected
CaseHOLD 600 / 600 legal case holdings short, ~0.2k ch. correct holding vs. distractor
CFA 436 /436 finance exam (CFA L1/L2) short, ~0.1k ch. correct option vs. distractor

Table 12: The four additional public sets (Appendix I.1), judged by Opus 4.6 only, in the format of Table 1.
Each is reduced to the common pairwise schema (Q, v1, v, p) with a native preference; the multiple-choice sets
(CaseHOLD, CFA) pair the gold option against one distractor and randomize the side.

turns legal multiple-choice case holdings into one
correct-vs-distractor pair each, and CFA does the
same for CFA-exam questions (correct option vs.
the longest distractor).

I.2 Margin Trend and Routing

Dataset agr. p cov@85
LLMBar 77.1 0.34 61
RewardBench 91.4 0.35 100
CaseHOLD 92.7 0.35 100
CFA 95.0 0.11 100

Table 13: Additional public sets, Opus 4.6: over-
all judge-human agreement (%), the bin-free margin—
agreement rank correlation p, and the coverage routing
retains at the 85% target. Mirrors Table 3; p > 0 on
every set.
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Figure 7: Answer A/B margin and agreement on the
four additional public datasets. Agreement rises with
the A/B margin; light bars show pairs per bucket and
right-edge dots show overall agreement.

Agreement rises with the A/B margin on all four
additional public datasets (Figure 7), and the bin-
free correlation p is positive throughout (Table 13).
RewardBench, CaseHOLD, and CFA sit near a
high-agreement ceiling; CFA’s limited range com-
presses its positive p. The held-out routing evalua-
tion uses the five main datasets.

1.3 Fact Content
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Figure 8: Answer A/B margin and fact-share/fact-
margin on the four additional public datasets: the per-
dataset fact-share (bars) and fact-margin (lines) both
rise with the A/B margin.

The fact pattern of the main analysis also holds
here (Figure 8): both the fact-share and the inde-
pendent fact-margin rise with the A/B margin on
every set.
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