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Abstract

LLM judges score outputs against rubrics well
enough to have become the norm, both in
benchmarks and as rewards for training. Jev, a
classifier-like alternative its creators call a “de-
cision model”, returns probabilities over permit-
ted answers with a calibrated confidence score,
which LLM judges do not natively provide. We
compare Jev with three flash-tier LLM judges
on nine panels from seven benchmarks with
human judgments, giving every judge identical
criterion texts. The LLM judges run in two
setups: holistically, reading a whole rubric at
once as Jev does, and one criterion at a time.
Jev can often stand in for them. They cost 16
to 325 times as much and take 28 to 350 times
as long, yet in each setup Jev’s accuracy dif-
fers significantly from theirs in at most 8 of
27 paired comparisons, ahead mostly on binary
checklist criteria and behind only on ordinal
ones. Despite their different designs, the two
kinds of judge err alike. On ordinal criteria, all
LLM judges and Jev depart from the human
raters together, agreeing more with one another
than with the labels and mostly assigning lower
levels. On Jev’s most confident errors, about
96% of LLM verdicts repeat its wrong answer,
where independent errors would give about half.
Intuitively, calibrated confidence should make
Jev an ideal first stage of a cascade that defers
uncertain verdicts to an LLM judge. Yet such
cascades only lower cost while adding little ac-
curacy: even with oracle thresholds, none beats
the best single judge by more than 2.7 points.
Calibration can tell a cascade when to defer,
but the cascade also needs a fallback that errs
elsewhere; these judges are wrong in the same
places. These findings, which hold in both se-
tups and at high reasoning effort, suggest that
a cascade of judges succeeds only when its
judges make complementary errors, and that fu-
ture decision models should be designed afresh
with that aim.
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Figure 1: In most comparisons, LLM-based rubric
judges are not separated (Section 3.4) from Jev (Sec-
tion 3.1) in accuracy, though they cost far more. Similar
results are observed with holistic rubric judges (Fig-
ure N1).

1 Introduction

LLM judges now return verdicts on the individual
criteria of rubrics, for benchmarks (Arora et al.,
2025) and as training rewards (Gunjal et al., 2026),
and are validated against human labels (Zheng
et al., 2023; Bavaresco et al., 2025). We call the
judged submission a unit and a (unit, criterion)
combination a pair. A per-criterion grader sends
each pair as its own request (Rao and Callison-
Burch, 2026), so cost grows with units times crite-
ria.

A typed classifier answers a question about a
structured input with a probability distribution over
a fixed set of permitted answers and writes no free
text. Jev, from TypeSafe, is one; its creators call it
a “System One” model! and a “decision model”. It
judges every criterion of a unit in one request, with

'The name comes from the System 1/System 2 distinction
in Kahneman (2011) between fast, automatic judgment and
slow, deliberate reasoning. Vendor documentation: https:
//docs. typesafe.ai, accessed 23 September 2026.


https://docs.typesafe.ai
https://docs.typesafe.ai
https://arxiv.org/abs/2609.29769v2

Panel Unit Criteria Scale Pairs
RiceChem chemistry answer 27 binary 819
HealthBench  chatbot reply 34 binary 406
ELLIPSE learner essay 6 Slevels 1,548
FED-Turn dialogue turn 7+1 3levels 600
FED-Dialogue dialogue 9+1 3levels 250
HelpSteer2 assistant reply 4 5 levels 360
LFQA ELI5 answer 3 3-4levels 360
USR-TC dialogue reply 3+2 3levels 360
USR-PC dialogue reply 3+2 3levels 300

Table 1: The nine panels, binary above the rule; +n:
binary criteria on an ordinal panel; USR-TC and USR-
PC: USR Topical-Chat (Gopalakrishnan et al., 2019)
and PersonaChat (Zhang et al., 2018). Sources: Sonkar
et al. (2024), Arora et al. (2025), Crossley et al. (2023),
Mebhri and Eskenazi (2020a) (FED), Wang et al. (2024b),
Kamoda et al. (2025), and Mehri and Eskenazi (2020b).
Details: Table Al.

a probability or confidence for each answer, so it
could replace an LLM judge or pick the pairs that
need one. It returns only probabilities while LLM
judges reason before they answer, a difference in
design that suggests the two would err in different
places, which a cascade needs in order to beat the
LLM judge it defers to.

We set Jev against three flash-tier LLM judges,
from tiers their vendors call fast and lower-priced
(Appendix A): GPT-5.6 Luna, Gemini 3.8 Flash,
and DeepSeek V4.1 Flash (Luna, Gemini, and
DeepSeek); earlier work also chose smaller judges
partly to cut cost (Verga et al., 2024; Chlapanis
et al., 2025; Xie et al., 2026). All four judges re-
ceive the same 5,003 pairs from nine panels, sam-
pled from seven public benchmarks with human
judgments (Table 1): two binary panels with only
binary criteria and seven ordinal panels that rate
most criteria on ordered levels. Every judge reads
the same criterion texts, fixed in advance with no
examples, rewording, or tuning. We run the LLM
judges one criterion at a time, on whole rubrics as
Jev reads them, and at high reasoning effort, and
ask three questions whose answers hold in all three
conditions (Table 3):

RQ1. Can a typed classifier stand in for LLM
judges, and at what cost and speed?

RQ2. How different are the classifier’s verdicts
from the LLM judges’?

RQ3. How well does a confidence-based cascade
from the classifier to an LLM judge work?

RQ1: Often, and far more cheaply. Against
per-criterion LLM judges, Jev differs significantly
in only 8 of 27 paired accuracy comparisons, lead-

ing mostly on binary panels and trailing only on
ordinal ones, and reaches parity (within 5 points)
in 8 more (Figure 1; Section 4). Across both judg-
ing modes, the LLM judges’ costs were 16 to 325
times Jev’s and their wall times 28 to 350 times.

RQ2: Less than their designs suggest. On
each ordinal panel the judges agree with one an-
other more than with the labels, and on six of the
seven, Jev and every LLM judge place units lower
on average than the raters did, a pattern unstated
rating conventions could produce (Section 5). They
make correlated errors, the “same places” of our
title: when one judge is wrong, another gives the
same wrong verdict more often than independent er-
rors would. On Jev’s most confident errors, 96.0%
of LLM verdicts repeat its answer, against 50.3%
under independence.

RQ3: Well for cost, not for accuracy. Jev’s
probabilities are calibrated on the binary panels and
its confidence ranks its errors on six ordinal panels,
as a first stage requires. But a cascade gains over
its fallback only on kept pairs that Jev alone gets
right, and correlated errors leave few. Cascades cut
cost, yet even with oracle thresholds they beat the
best single judge by at most 2.7 points (Section 6).

2 Related Work

LLM judges show position, verbosity, and self-
enhancement biases, yet GPT-4 agrees with human
preferences about as often as humans do (Zheng
et al., 2023), and LLMs given the evaluators’ in-
structions rate consistently with experts (Chiang
and Lee, 2023); on JUDGE-BENCH, which in-
cludes both USR sets and scores ordinal ratings
by correlation, reliability varies with property and
annotator expertise (Bavaresco et al., 2025). High
agreement can hide score differences (Thakur et al.,
2025), uncertain labels can make a machine look
human-level (Elangovan et al., 2025), and LLM
essay graders score below humans (Kundu and Bar-
bosa, 2024) and penalize minor errors that humans
discount (Mathew et al., 2026), so we report the
offset.

Prometheus and Prometheus 2 train open eval-
uators to score against user-supplied rubrics (Kim
et al., 2024a,b), CheckEval’s binary checklists raise
agreement (Lee et al., 2025), HealthBench refined
its criteria for its grader (Arora et al., 2025), and
LLM-Rubric maps answer distributions to each hu-
man’s labels (Hashemi et al., 2024), a layer that
would absorb an offset; we fit no such layer.



Across more than 350 models, larger and more
accurate models make highly correlated errors,
even across providers (Kim et al., 2025), mistakes
grow more alike with capability (Goel et al., 2025),
and juries of smaller judges from different fami-
lies can reduce bias (Verga et al., 2024). Closed-
set probabilities carry information about correct-
ness (Guo et al., 2017; Kadavath et al., 2022) and
serve to abstain (Geifman and El-Yaniv, 2017) or
to escalate to costlier models (Chen et al., 2024);
Trust or Escalate sets its escalation threshold on a
calibration set to guarantee human agreement (Jung
et al., 2025), whereas we replay cascades with ora-
cle and cross-fitted thresholds (Section 6).

3 Judges, Panels, and Protocol

All judges run in AutoRubric’s open-source crite-
rion grader (Rao and Callison-Burch, 2026), the
harness. An ordinal criterion’s options are ordered
levels, and its pairs are ordinal pairs.

3.1 Jev

Jev costs $0.042 per million input tokens; output
is free. A request carries one question per crite-
rion and a record (the vendor’s “state”) holding
the unit’s input and submission, as an LLM judge
receives them. Jev never sees the harness’s system
prompt and sees options in scale order.

Jev has three primitives, each with a decoding
rule: Noul returns the probability of yes, thresh-
olded at 0.5; Choice a distribution over option la-
bels, read by argmax; and Score the expected level
over ordered level descriptions, rounded to the clos-
est level, ties to even (Appendix E). A framing is a
primitive with our question wording (Table A2).

On the binary panels Jev Choice asks Choice
over MET, UNMET, and CANNOT_ASSESS, and
Jev Noul asks Noul, both through the wrapper, a
fixed instruction with the harness’s MET and UN-
MET definitions. On the ordinal panels Jev Choice
gets the criterion sentence as instruction and the
LLM judges’ option texts, the NA option (“Cannot
assess / not applicable”) included. Jev Score reads
the same texts as level descriptions without that
option, so it cannot abstain; both use Jev Noul on
the 364 embedded binary pairs of the FED and
USR panels. Jev Choice and the LLM judges are
the matched judges, and with Jev Score the five
judges. Jev’s confidence, used only to rank pairs,
is the confidence that Choice and Score return, or
2|P(yes) — 0.5] for Noul (Appendix I).

3.2 The LLM judges

Each LLM judge runs through the harness with
its default system prompts, DeepSeek via Open-
Router (Appendix A), options shuffled per pair by
a logged seed against position bias (Wang et al.,
2024a), temperature 0 except for Luna’s enforced
1.0, and undated model identifiers (Table A2). It re-
turns a verdict and an explanation, not a probability.
The main runs (19 September 2026) set no reason-
ing effort, so vendor defaults applied: medium for
Luna and Gemini, high on DeepSeek’s own API,
and undocumented on OpenRouter (Appendix O).

There are two judging modes. With per-criterion
Jjudgments, the harness default and the mode of our
main runs, the judge takes one criterion of a unit
at a time; with whole-rubric (holistic) judgments
it reads the unit’s whole rubric at once and still
returns one verdict per criterion. Both practices ex-
ist (Liu et al., 2023; Lin and Chen, 2023). Whole-
rubric judgments make the LLM judges compara-
ble with Jev; per-criterion judgments stay primary,
following work that recommends judging criteria
separately to avoid the halo effects documented
in human rating (Thorndike, 1920; Cooper, 1981)
and related effects in LLM judges (Stureborg et al.,
2024; Hu et al., 2024; Feuer et al., 2025).

The whole-rubric runs (27 September, eight days
later) kept the option orders and sent § requests at a
time, like Jev; repeat runs resent the whole-rubric
requests for a seeded 10% of units (106) as a run-
to-run baseline (Appendix N). The same day, effort
runs repeated the per-criterion judgments at high
reasoning effort on all nine panels, and DeepSeek’s
also at medium. An effort calibration on the repeat
units supports reading Luna’s and Gemini’s main
runs as medium; with DeepSeek’s medium run they
form the medium condition, and the high runs form
the high condition (Appendix O).

3.3 Panels and labels

Each ordinal panel is a 10% or 20% sample of units,
stratified where possible and drawn with a fixed
seed before any judging (Table Al). The binary
panels’ criteria are checklists: question-specific
presence checks on RiceChem, consensus behavior
checks on HealthBench. The judges read our rubric
versions of the benchmarks, written for a sepa-
rate, unpublished study and released (Appendix M);
the raters had each benchmark’s own instructions.
No judge sees the labels, the benchmarks’ overall
scores, or the strata.



An ordinal pair’s human label is its raters’ mean
level rounded to the nearest level, halves up (46.8%
of ELLIPSE labels are half-way), and a binary
pair’s the rater majority, or RiceChem’s teaching-
assistant label. Unanimous pairs, whose raters
all agree, and split pairs are reported apart, as
rater disagreement can be signal (Plank, 2022).
The rater reference scores each rater against the
rounded mean of the others on the six ordinal pan-
els with several raters; its target averages one rat-
ing fewer than the label, so it does not bound
a judge. Two no-read baselines ignore the unit:
HelpSteer2’s constant predictor (60.0% exact accu-
racy) and LFQA’s provenance baseline, which sees
only whether ChatGPT or a Reddit user answered
(68.1%).

3.4 Metrics and statistics

Exact accuracy is the share of ordinal pairs pre-
dicted at the label’s level, and mean QWK averages
per-criterion quadratic-weighted kappas (Cohen,
1968). A judge’s offset is its mean predicted mi-
nus labeled level, and its gap its exact accuracy
minus the rater reference’s. Binary criteria get ver-
dict accuracy, Cohen’s k (Cohen, 1960), and the
MET-rate offset in points. As chance-level exact
accuracy varies with the number of levels, panels
are compared by mean QWK offset, or gap.

Paired comparisons use the pairs both judges
scored, resampling units 10,000 times for per-
centile intervals. Two judges are separated, or
differ significantly, when the 95% interval of their
accuracy difference excludes zero, at parity when
the 90% interval lies within 5 points of zero (a
post-hoc margin; Table C1 gives the smallest each
comparison supports), and otherwise inconclusive.
Bootstrap p-values (twice the smaller share of repli-
cates on either side of zero) are Holm-corrected
within each family of comparisons, such as Jev
Choice’s 27 with the LLM judges; sign tests are in
Appendix C.

Abstentions and judge-call failures, pairs left
without a usable verdict, leave the denominators,
so pair sets differ between tables (Appendix C).
Cost is list price, DeepSeek’s its OpenRouter bill
(Appendix B). Level shifts, cascades, juries, and
other counterfactuals are post-hoc analyses of the
recorded verdicts, with no judge rerun.

4 Jev Can Often Replace an LLM Judge

4.1 Accuracy in paired comparisons

Jev Choice ranks first on RiceChem and second on
HealthBench, behind Gemini (Table 2), separated
from Luna on both and from Gemini on RiceChem,
and at parity with DeepSeek on both (Table C1).
On the ordinal panels 16 of 21 comparisons are
not separated; of the other five, Gemini leads on
ELLIPSE, FED-Dialogue, and HelpSteer2, most
on ELLIPSE (16.4 points), and Luna leads on USR-
PC and trails on HelpSteer2. DeepSeek is never
separated. Six of 21 reach parity; the other 10 have
90% intervals reaching 5.3 to 8.3 points from zero.

Over all 27 comparisons, 8 are separated, 8 at
parity, and 11 inconclusive (Table 3), three of Jev
Choice’s four leads falling on binary panels and
all four deficits on ordinal ones. Four separations
remain significant after correction, and resampling
the prompts, questions, or contexts units share
leaves eight (Appendix C).

On no ordinal panel is Jev Choice the most accu-
rate matched judge; Gemini is, or ties, everywhere
but LFQA. Jev Score is separated ahead of Jev
Choice on four ordinal panels, never behind, and
is the most accurate judge on FED-Turn and USR-
TC (Appendix E). HelpSteer2’s constant predictor
beats every judge, significantly in pair-level sign
tests for all but Gemini (p = 0.075), so separations
there rank judges that trail a constant; on LFQA
no judge differs significantly from the provenance
baseline in exact accuracy (Appendix H).

4.2 Jev is cheaper and faster than every LLM
judge

Over the nine panels Jev Choice cost $0.063 (Ta-
ble B1), Luna 29 times as much, Gemini 325 times,
and DeepSeek 66 times; Jev Choice took 29 sec-
onds, Luna 859, Gemini 950, and DeepSeek 6,298
(30 to 220 times as long). Each Jev framing sent 8
requests at a time and each LLM judge 16 to 32 on
the ordinal panels, so these ratios understate Jev’s
advantage at equal concurrency. At Jev’s concur-
rency, whole-rubric Luna, Gemini, and DeepSeek
cost 16, 182, and 54 times as much and took 28, 45,
and 350 times as long (Table N1). At high effort,
with completion tokens up 41% to 180% over the
medium condition, the LLM judges cost 36 to 675
times as much as Jev Choice (Table O1).



Binary panels

Ordinal panels

RiceChem HealthBench ELLIPSE I’:F]i]r)n_ D}ji]i?g_ue HelpSteer2 LFQA U,?g i UPSé{ i
(a) Accuracy (%): verdict accuracy (binary) or exact accuracy (ordinal)
Jev Choice 81.0 77.1 134 56.2 48.6 48.6 68.7 62.0 56.4
Luna 77.8" 70.4° 14.1 57.7 46.7 39.2¢ 7.6 625  60.6'
Gemini 76.1% 79.6 29.8°  60.6 56.9° 54.6" 674 656  60.6
DeepSeek 79.2 76.4 15.0 59.5 46.9 46.8 65.0 58.8 57.8
Jev Score - - 153%  66.7°  51.6° 44.4 69.7  662% 550
Rater reference - - 51.4 63.8 64.9 - 55.4 61.7 72.6
No-read baseline - - - - - 60.0 68.1 - -
(b) Agreement on ordinal pairs: mean QWK
Judge—judge - - 0.38 0.57 0.61 0.66 0.70 0.65 0.61
Judge-label - - 0.18 0.39 0.35 0.31 0.46 0.53 0.50
Rater reference - - 0.50 0.36 0.29 - 0.39 0.46 0.52
(c) Offset: MET-rate offset in points (binary) or offset in levels (ordinal)
Jev Choice +7.1 +6.2 —-1.25 —-0.37 —0.56 —0.33 —0.18 0.00 -0.36
Luna +2.2 —13.8 —1.28 —0.23 —0.55 —0.48 —0.18 +0.12 -0.27
Gemini —6.8 +0.2 -0.77  —-0.15 —-0.35 —0.26 —0.09 —-0.00 —-0.39
DeepSeek +3.9 —1.5 —-1.16 —0.18 —0.52 —0.39 —-0.12 +0.16 —-0.33

Table 2: Main results (per-criterion LLM judges). Judge—judge and judge—label: mean pairwise QWK among the
four matched judges and their mean QWK with the labels, on the ordinal pairs all four scored. Bold: best judge
in its column. : separated from Jev Choice (embedded binary pairs included); #: also after correction for the 27
comparisons; §: Jev Score separated from Jev Choice. Gemini’s USR-TC offset is —0.005. Each judge’s x and Jev
Noul: Table D1; each judge’s mean QWK and Jev Score’s offset: Table C3; costs: Table B1.

Per- Whole- High
criterion rubric effort

RQI
Cost (X Jev) 29/325/66 16/182/54 36/675/93
Wall time (x Jev) 30/33/220 28/45/350  43/117/-
Sep./parity/inconcl. 8/8/11 7/9/11 5/11/11
Leads (binary)/deficits 4 (3)/4 4 (3)/3 3(2)/2

RQ2
Judge—judge > label 7 7 7
Offsets all negative 6 6 6
Confident repeats 96.0 (50.3) 96.8 (50.7) 97.2 (51.2)

RQ3
Gain: cross-fitted/oracle 1.5/2.0 2.5/2.6 2.4/2.7
Cost under half 7 4 6

Table 3: Answers by LLM-judge condition (Jev’s ver-
dicts fixed). Triples: Luna/Gemini/DeepSeek, multiples
of Jev Choice’s cost and wall time (concurrency: Sec-
tion 4.2); DeepSeek’s high wall time is unmeasured.
Leads on binary panels in parentheses. RQ2 (Sec-
tion 5): ordinal panels with judge—judge above judge—
label QWK and with every matched offset negative;
LLM verdicts (%) repeating Jev’s confident errors (base-
line). RQ3 (Section 6): largest gain over the best sin-
gle judge (points); panels where a cross-fitted cascade
matching the best LLM judge costs under half of it.

4.3 Judging mode and reasoning effort

With whole-rubric judges (Table 3), two of Jev
Choice’s three separated deficits are against Luna
(ELLIPSE and FED-Turn), and correction within

this mode’s 27 comparisons leaves only Luna’s
and Gemini’s ELLIPSE leads significant (Fig-
ure N1; Table N3). The mode raised Luna’s
and Gemini’s ELLIPSE accuracy by 5.9 and 6.1
points, the only two of the 27 per-judge changes
still significant once corrected, while their offsets
there moved toward zero; without ELLIPSE their
pooled changes are negative but not separated (Ap-
pendix N). Switching modes changed more verdicts
than an identical repeat did (Table N4), though the
runs were eight days apart (see Limitations).

At high effort each judge’s pooled accuracy
moves by at most 0.5 points; of the 27 per-panel
changes, only Gemini’s ELLIPSE gain of 2.5
points stays significant under the correction, and
Jev Choice keeps five of eight separations, none
reversed (Table O3). DeepSeek’s medium run adds
two separations in opposite directions (Jev Choice
ahead on RiceChem by 3.3 points, DeepSeek on
USR-TC by 4.7), so the medium condition sepa-
rates 10 of 27 comparisons; neither is separated at
high effort (Appendix O).

5 Jev and the LLM Judges Err Alike

5.1 A shared shortfall on ordinal criteria

On all seven ordinal panels, agreement among the
judges exceeds their agreement with the labels, on
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Figure 2: (a) Share of ELLIPSE pairs at each level:
labels (gray bars) and the five judges (DeepSeek over
its 1,543 answered pairs). (b) USR engaging: exact
accuracy before (marker) and after (arrowhead) a post-
hoc +1 shift; dashed: each corpus’s rater reference on
engaging (Table G4).

five even the least-agreeing pair beating the best
judge—label agreement (Tables 2b and N5b), a pat-
tern that label noise or a common offset could pro-
duce. Every judge falls short of the rater refer-
ence on ELLIPSE, FED-Dialogue, and USR-PC
but exceeds it on LFQA, and the matched judges’
mean QWK with the labels trails the reference’s
only on ELLIPSE and USR-PC. On ELLIPSE the
best, Gemini, reaches 29.8% exact accuracy against
51.4%, and all four matched judges are wrong on
64.0% of pairs, so choosing a correct judge for
each pair would reach only 36.0% (Table J2).

Every matched judge’s offset is negative on the
six ordinal panels other than USR-TC, as are 31
of the five judges’ 35 offsets (Tables 2c and C3h).
ELLIPSE’s are largest: its labels put 36.3% of
pairs at levels 4-5, and no judge more than 4.2%
(Figure 2a).

A judge’s location is where on the scale it places
a criterion’s units. Over the 31 criteria with a rater
reference, the matched judges’ mean offset tracks
their mean gap (Spearman p = 0.92; Figure G1),
in part by construction, since an offset costs ex-
act accuracy. A leave-one-out shift of each crite-
rion’s predictions (Appendix G) removes the rela-
tion (p = 0.16) and leaves no criterion more than
8.4 points below the unshifted reference, a com-
parison favoring the judges; with the raters shifted
too, four criteria stay more than 5 points short (Ta-
ble G2). The offset leaves the essays’ order largely

intact (p = 0.62 to 0.72 with ELLIPSE’s holistic
score; Table C3d), and moving every ELLIPSE pre-
diction up a level lifts Jev Choice from 13.4% to
50.4%, though the raters need no shift (Figure G2).

5.2 Conventions the criterion texts leave
unstated

Conventions are rating rules that the raters followed
but our texts omit. Table H1 lists candidates of
three kinds (a population norm, a corpus-relative
standard, and annotation habits), found by reading
the judges’ errors and so exploratory; the raters’
instructions may state some (we checked ELLIPSE
only). On fixed pairs the offsets share their sign
across the three LLM judges in both judging modes
(Table N5) and across Jev Choice, which never
sees the harness prompt, and Jev Score, which de-
codes by expected level, so neither a shared prompt
nor a decoding rule is their common cause. USR
engaging, byte-identical on Topical-Chat and Per-
sonaChat, draws matched-judge offsets of —0.73
to —1.03 levels on PersonaChat, whose raters gave
the top level in 59.4% of ratings, and —0.01 to
—0.31 on Topical-Chat, where they gave it in
34.7%, with similar orderings on both (p = 0.50
to 0.72 with the rater mean). A one-level shift lifts
every matched judge on PersonaChat from at most
26.7% to at least 69.5% and lowers it on Topical-
Chat (Figure 2b), partly mechanically (63.3% of
PersonaChat labels are at the top); we read these
labels as corpus-relative (Appendix G).

ELLIPSE’s labels may carry a population norm:
its trained raters scored the essays of grade 8 to 12
English learners (Crossley et al., 2023), a norm-
referenced scale reads a level against a popula-
tion (Glaser, 1963), and training instills such expec-
tations (Weigle, 1994). Our level-5 label, “native-
like facility”, and LLM essay graders’ penalty for
small errors (Mathew et al., 2026) may also con-
tribute (Appendix H).

Label noise would scatter errors on both sides of
the label and gather them on split pairs, so it cannot
explain ELLIPSE, where 99.5% of Jev Choice’s er-
rors lie below the label, LFQA factuality, where
it misses unanimous pairs more often than split
ones, or USR-TC’s almost unanimous _nofact
pairs, whose context holds no fact; on other panels
the evidence is weaker (Appendix H). A shared
reluctance to grant top levels and shared training
priors (Kim et al., 2025) remain possible, and no
experiment varied the text, so the account is obser-
vational.



5.3 The LLM judges repeat Jev’s confident
errors

An LLM verdict that repeats Jev Choice’s wrong an-
swer is a repeated error, and the share of repeated
errors on Jev’s wrong pairs measures correlated
errors. Since judges sharing an offset would often
agree anyway, the independence baseline is each
judge’s rate of giving Jev’s wrong answer on other
pairs with the same criterion and label. Over all
of Jev Choice’s errors the share beats the baseline
on every ordinal panel, by 18.8 to 34.2 points on
six and 8.6 on ELLIPSE, where the judges’ low
placement explains most repeats (Table I1c). The
confident-error sample holds Jev Choice’s 12 most
confident errors per ordinal panel; 242 of the 252
LLM verdicts on these 84 pairs (96.0%) repeat its
answer, against 50.3% expected, and slightly more
in the other conditions (Table 3); HealthBench
shows the same (Appendix J). Rater disagreement
may explain repeats on split pairs, which hold 62
of the 72 confident errors on multi-rater panels, but
not on unanimous pairs, such as a _nofact pair.

6 Correlated Errors Undo the Cascade
Advantage

RQ3 asks how well a confidence-based cascade
works. A cascade lets a cheap judge answer ev-
ery pair and sends the deferred pairs, whose confi-
dence falls below a threshold, to a fallback judge;
the cheap judge’s verdicts stand on the kepft pairs.
An oracle threshold is chosen on the pairs it is eval-
uated on, so its gains are optimistic; a cross-fitted
threshold is chosen on a random half of the units
and evaluated on the other. A cheap judge whose
confidence tracks its errors is the natural first stage,
but it lifts the cascade above the fallback only on
kept pairs where it alone is right, and Section 5.3
suggests these are few.

6.1 Jev’s confidence ranks its own errors

Jev Choice’s errors gather among its less confident
verdicts on every ordinal panel but ELLIPSE (Fig-
ure 3a); on those six, the area under the receiver
operating characteristic curve (AUROC) of its con-
fidence for correctness is 0.57 to 0.70. On EL-
LIPSE it is 0.49, its error rate flat across bands, and
confidence fails on some criteria, such as LFQA
factuality (0.41; Appendix I). On the binary pan-
els, the only ones where we measure calibration,
P(MET) separates MET from UNMET at an AU-
ROC of 0.80 to 0.86 with an expected calibration
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Figure 3: Jev Choice’s confidence band against (a) its
error rate and (b) the share of LLM verdicts on its wrong
pairs that repeat its answer (solid; dashed: independence
baseline), one line per ordinal panel, ELLIPSE in black.
Bands with under 20 pairs (a) or errors (b) are omitted.

error of 0.056 to 0.096 (Table D1). Yet the LLM
judges’ repeats, and their excess over the baseline,
peak on every panel in Jev’s top confidence band
(80.5% to 92.8% against 33.6% to 63.7%; Fig-
ure 3b); these are the verdicts a cascade keeps.

6.2 Cascades lower cost but add little
accuracy

We replay Jev-first cascades, Jev Choice first on
the ordinal panels and Jev Noul on the binary ones
(Appendix K), against the best single judge, chosen
from all judges including Jev’s framings; cross-
fitted thresholds use 50 halvings, each half choos-
ing its own fallback and best single judge.

With cross-fitted thresholds no cascade’s average
gain over the best single judge exceeds 1.5 points
(HealthBench; Table 4); cascades trail it on six of
nine panels, by 0.1 to 7.3 points. Oracle thresholds
lift the largest gain to 2.0 points (HealthBench), but
neither it nor the next, 1.3 (USR-PC), is significant
in a kept-pair sign test (Table K2).

A cascade and its fallback agree on the deferred
pairs, so

Gcascade — Qfallback = Skept(alj(ggt - alf(;ﬁ)tt,ack), (D
with a denoting accuracy and siep the kept share.
Against the best cascade’s fallback, Jev alone is
right on only 12 to 37 pairs of an ordinal panel
(Table C2), and on kept pairs the two are mostly
right or wrong together (Table K2). The fallback’s



Cascade vs. best  Match best LLM

Cross- Halv. Held-

Panel Best Oracle fitted > 0 Cost (%) out
RiceChem 81.0 —0.4 -1.0 6 6.6 +1.2
HealthBench 79.6 +2.0 +1.5 80 156 —-0.5
ELLIPSE 29.8 0.0 —0.1 0 99.8 —0.1
FED-Turn 70.7 —-5.2 —-7.3 0 455 0.7
FED-Dialogue 59.7 0.0 —0.9 40 779 -=2.1
HelpSteer2 543 +40.6 —0.9 4 356 —1.8
LFQA 715 +0.6 +0.6 52 39.0 -0.7
USR-TC 706 +0.3 —-0.7 30 475 -—1.1
USR-PC 746 +1.3 +0.8 76 313 —-0.2

Table 4: Post-hoc Jev-first cascades. Best: accuracy (%)
of the best single judge (Jev Choice on RiceChem, Jev
Score on FED-Turn, Luna on LFQA, Gemini elsewhere).
Oracle, cross-fitted: cascade minus best (points); halv.
> 0: halvings (%) with a gain. Match best LLM:
cost share (Jev’s run included) and held-out difference
(points) of the cross-fitted cascade matching DeepSeek
(RiceChem), Luna (LFQA), or Gemini. Pair set: Ap-
pendix C; more: Appendix K.

lead on deferred pairs lifts a cascade above Jev but,
by Equation (1), never above the fallback.

When the fallback is the best LLM judge, cross-
fitted cascades cost 16% to 48% as much as that
judge on six panels for 0.2 to 1.8 points less held-
out accuracy, and 6.6% on RiceChem, where Jev
alone beats it, for 1.2 points more; on ELLIPSE
and FED-Dialogue even an oracle threshold must
defer nearly every pair to match it (Appendix K).

A whole-rubric fallback is charged a full request
for every unit with a deferred pair, so those cas-
cades save less; they gain most on HelpSteer2,
where whole-rubric Gemini lost 4.5 points (Ta-
ble N5). At high effort the gains grew most where
the best single judge lost accuracy, and kept-pair
sign tests give p = 0.019 on HealthBench, af-
ter 11 of Gemini’s kept verdicts changed, and
p = 0.035 on LFQA, both uncorrected (Table O4;
Appendix O). In no condition does a cascade’s gain
over its panel’s best single judge exceed 2.7 points
(oracle) or 2.5 (cross-fitted), and more reasoning
did not make the LLM judges’ errors less like Jev’s.

A jury, which pools judges’ verdicts, fares no
better. The three LLM judges’ median level (their
majority on binary pairs) never beats the most ac-
curate matched judge (chosen on the same pairs,
which favors it), trailing it by up to 12.8 points (EL-
LIPSE), significantly so on ELLIPSE, HelpSteer?2,
and RiceChem (95% intervals below zero); Jev
Choice as a fourth juror never helps significantly;
and the median gives Jev’s wrong answer on 82 of

the 84 confident errors (Table J2; Appendix J). No
median jury’s interval lies above that judge in the
other conditions (Tables N5 and O4).

7 Discussion

Prior work finds LLMs’ errors correlated across
providers (Kim et al., 2025; Goel et al., 2025); we
find them correlated across two kinds of judge, and
though we tried no larger fallback, these results
give little reason to expect one to err elsewhere.
TypeSafe warns that Jev may read scope and nega-
tion literally,” yet LLM judges told to heed both
(Appendix A) also placed units below the raters
and repeated nearly all its confident errors, even at
high effort. Literal reading by every judge, unstated
conventions, shared training priors, a reluctance to
grant top levels (Section 5.2), and, on split pairs,
rater disagreement (Section 5.3) could each con-
tribute; our data cannot tell them apart.

Overlapping errors may explain why our juries
of diverse judges (Verga et al., 2024) did not help.
Before trusting a cascade, one can compare the
share of repeated errors with the independence
baseline (Section 5.3) on the labeled pairs that set
its threshold (Jung et al., 2025), to see how far its
judges err alike. Appendix P gives this and other
practical recommendations, and Appendix L revis-
its our binary-panel expectations.

8 Conclusion

A cascade that puts a cheap judge ahead of an LLM
fallback can beat the fallback only where the cheap
judge alone is right. It therefore needs a cheap
judge that knows when it is likely to be wrong and
a fallback that is wrong somewhere else. Jev’s con-
fidence meets the first need on most panels. The
second went unmet: Jev returns only probabilities
and the LLM judges reason before answering, yet
the judges were wrong in the same places, and the
LLM judges repeated almost all of Jev’s most con-
fident errors, about twice as often as independent
errors would. No cascade we replayed, even with
oracle thresholds, gained more than 2.7 points over
the best single judge. Jev is often a cheap substitute
for a flash-tier LLM judge but a poor complement
to one. A judge built differently need not be wrong
differently, so the next decision model should be de-
signed from the start to get right what LLM judges
get wrong.

Zhttps://docs. typesafe.ai/model-jaggedness/
jev-1.13.
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Limitations

Observational account. We formed our expecta-
tions about Jev on the binary panels and tested them
on the ordinal panels, and our account of the judges’
shortfall came afterwards and is exploratory. No
experiment supplied exemplars or rewrote level
descriptions. The account could be tested by rerun-
ning ELLIPSE with exemplar essays for each level
and with a grammar scale that names observable
features and drops the native-like label for level 5,
and by rerunning every ordinal panel with its bench-
mark’s own instructions to raters in place of our
rubric version. Giving the same texts to untrained
human readers, or giving the judges exemplars,
would also distinguish missing conventions from
priors that the judges share through their training
data. The candidate conventions came from in-
specting the judges’ errors (Section 5.2), and the
cross-panel aggregations of Sections 5 and 6 were
computed after the offset had been observed. Be-
cause none of the four judges’ vendors discloses
the training data, priors that the judges share cannot
be ruled out.

Judge configuration. The LLM judges are flash-
tier models with the harness’s default prompt, used
zero-shot, and Luna runs at its enforced tempera-
ture (Section 3.2). This matches the question of
replacing the harness’s LLM judge with Jev but
does not measure the best obtainable LL.M judge.
No larger model, few-shot prompt, wrapper for
Jev on ordinal criteria, or LLM run without the
prompt’s instructions on middle levels and self-
contradiction was tried, and Jev Choice was not
run without the NA option. The judges also re-
ceive different instructions and option orders (Sec-
tions 3.1 and 3.2). We measured the LLM judges
in both judging modes, but Jev only as designed: it
receives a unit’s criteria together in a single request,
and we did not test whether the questions of one
request influence one another’s answers. Reason-
ing effort was requested only at medium (on all
nine panels for DeepSeek, on the repeat units alone
for Luna and Gemini) and at high, and only with
per-criterion judgments; no LLM judge ran without
reasoning or above high. Running the LLM judges
without reasoning would narrow the cost ratios in
either judging mode, with an unknown effect on
accuracy.

Runs. The main runs judged each ordinal panel
once, and no judge is deterministic. Across five

passes over RiceChem, about 3% of Jev’s pairs
flipped verdict at least once, and in a spot check
of 82 pairs from the ordinal panels two Luna runs
gave the same verdict on 71 (Appendix A). The
repeat runs gave every LLM judge a second whole-
rubric pass over 106 units (105 for DeepSeek), per-
criterion judgments were repeated only in the effort
calibration on the same units (Appendix O) and in
that spot check, and Jev was not rerun on an ordinal
panel. The whole-rubric and effort runs followed
the main runs by eight days under the same un-
dated model names, so a model update or a change
in routing could contribute to their differences from
the main runs. DeepSeek’s medium and high runs
overlapped in time, so we do not compare its wall
times across effort levels, and because provider
prompt caching and OpenRouter’s routing moved
some costs, effort levels are compared on tokens
and at fixed prices as well as on billed costs (Ap-
pendix O). OpenRouter routed DeepSeek’s whole-
rubric run to a different mix of upstream providers
than its main run, and its billed cost exceeded the
harness’s estimate far more for its whole-rubric
requests (Appendix N), so routing, not only the
judging mode, may lie behind DeepSeek’s smaller
saving. On the ordinal panels the per-criterion runs
also sent more requests at a time than the whole-
rubric runs, so we do not compare wall times be-
tween judging modes.

Samples. Results for single criteria rest on 25 to
258 units, because the ordinal panels are 10% or
20% samples. Two results rest on very little data.
Jev Choice answered only 8 error_recovery
pairs, and the _nofact result comes from three
contexts. The confident-error sample takes only 12
errors from each ordinal panel, whereas the band
analysis of Figure 3b uses every error.

Statistics. The main intervals resample units, not
the larger sampling groups, and Section 4.1 and
Appendix C report what changes when the groups
are resampled instead. The 5-point equivalence
margin is post hoc (Section 3.4), and because it
is absolute it is lenient where accuracy is low, as
on ELLIPSE. The criteria singled out in the con-
fidence analysis and the cut-offs of Appendix G
were chosen after inspecting the data. The loca-
tion analysis of Section 5.1 is leave-one-out, but its
one-level ELLIPSE shift and the USR shift of Sec-
tion 5.2 were chosen on the pairs they are scored
on. Cascade gains under oracle thresholds are opti-
mistic, the cross-fitted estimates rest on halves as



small as 12 units, cascade costs are estimates under
the rules of Appendix K, which do not charge for
what a live cascade would also defer because Jev
abstained, and only deferral on the confidence of
Jev Choice or Jev Noul was tried; the LLM judges’
token probabilities or verbalized confidence were
not elicited.

Labels and text. Nearly half of the ELLIPSE
labels depend on the rounding rule (Section 3.3).
Our rubric versions depart from the benchmarks’
own questions and rubrics (Appendix A), and we
compared them with what the raters read for EL-
LIPSE alone. On the other six ordinal panels a
convention that our texts omit may be stated in
the raters’ own instructions. The HelpSteer2 and
LFQA labels partly reflect something other than the
named criterion. HelpSteer2 correctness tracks
overall helpfulness at Pearson » = 0.94, and prove-
nance alone predicts LFQA labels about as well
as the judges do on exact accuracy. A judge may
also have seen the items or labels of these public
benchmarks in training.

Scope. We tested one typed classifier. Later re-
quests under the same model names may return dif-
ferent verdicts, because no request named a dated
model version (Section 3.2 and Appendix A). The
ordinal panels are all English, four of the seven
are dialogue, and the longest ordinal unit is 1,114
words. Prices are list or billed prices on the dates
of the runs, and the LLM judges’ cost depends on
reasoning defaults that providers can change.

Ethics Statement
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A Panels, Judges, and Protocol

Sampling. FED supplies two panels, FED-Turn
and FED-Dialogue, and USR supplies USR-TC
and USR-PC, whose conversations come from
Topical-Chat (Gopalakrishnan et al., 2019) and Per-
sonaChat (Zhang et al., 2018). LFQA’s questions
and human answers come from ELI5 (Fan et al.,
2019). Each ordinal panel was drawn with seed
20260919 by proportional allocation over the strata
of Table Al and fixed before any judge was run.
Sampling units are kept whole. The four answers
to an LFQA question, the responses to one USR
context, and the two responses of a HelpSteer2
preference pair enter the sample together. LFQA
and the two USR panels have no strata and are
simple random samples of questions or contexts.
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The RiceChem panel is the test part of an 80/10/10
split of each question’s responses. HealthBench’s
34 criteria are consensus criteria, the physician-
validated subset of HealthBench’s criteria, and they
use 30 distinct texts because some criteria share
a text across themes. HealthBench’s completions
were stratified by theme and by whether the labels
of a completion’s criteria are all MET, mixed, or
all UNMET.

Leakage. The protection against label leakage
is structural. The harness passes a judge only a
unit’s input and its submission, and Jev’s state
contains only these two fields. Human labels are
stored apart from the units, and holistic scores,
strata, and the identity of the system that produced
a unit sit in a description field that no judge re-
ceives. Nor does any judge see an option’s value,
the number from O to 1 that the harness attaches
to a level. No ordinal panel has a reference sub-
mission. HealthBench’s physician-written ideal
completion is removed from every judge’s input,
except in one Jev ablation that lies outside the pro-
tocol (Appendix D).

Criterion text. ELLIPSE calls its criteria traits,
and HelpSteer2 calls them attributes. Every judge
receives the criterion and option strings of the
rubric versions of Section 3.3; the study they were
written for concerns criterion aggregation. They
recast the FED and USR questions as statements;
a FED question recast in this way reads “To the
average person, the response is interesting.” They
paraphrase HelpSteer2’s level wording and take
LFQA’s level descriptions from the rating prompt
that the benchmark’s authors wrote for GPT-4. For
ELLIPSE they keep the level descriptions of the
corpus’s scoring rubric, typographic artifacts such
as “capitalizatio n” and “inappropri ately” included,
and give each trait a criterion sentence that ends
by labeling level 5 “native-like facility”, a phrase
that the corpus’s rubric uses only for its holistic top
level. Every criterion of the ordinal panels carries
the same weight.

Prior automatic evaluation on these bench-
marks. Earlier automatic evaluation on the di-
alogue sets reports correlations with the rater mean.
FED and USR introduced reference-free metrics on
them (Mehri and Eskenazi, 2020a,b), and G-Eval
and LLM-Eval report LLM evaluators there (Liu
et al., 2023; Lin and Chen, 2023). On ELLIPSE,
supervised models reach a mean QWK of 0.854
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Rater ref.

Panel Population; sample Strata Raters per pair; Half-way exact/ QWK Unit. words:
label median (mean;
range)

RiceChem 1,240 responses to 4  question: 32,31,  released - - -
questions; 121 held 29, 29 teaching-assistant
out (10% of each label
question, seed 42)

HealthBench 200 completions from theme (7) x 2-5 physicians (866 - - -

196 conversations verdict class: all labels); majority
MET 66, mixed 68,
all UNMET 66
ELLIPSE 2,571 test-set essays;  prompt X holistic 2 trained raters; 725 51.4/0.50 392
258 (10%) band (106 strata) mean (427.9;
46-1,114)
FED-Turn 375 turns; 75 (20%)  system: Meena 24, 5 crowd workers (4 1 63.8/036 9
Mitsuku 26, human on one pair); mean (12.5;2-38)
25

FED-Dialogue 125 dialogues; 25 system: Meena 8, 5 crowd workers 2 649/029 123

(20%) Mitsuku 9, human (1-5 on (131.0; 42-284)
8 error_recovery);
mean

HelpSteer2 448 preference pairs  preference strength: released label: - - 215
(896 responses); 45 weak 52, strong 38 rounded mean of (251.2; 1-905)
pairs, 90 responses responses the 3 most-agreeing
(10%) annotators

LFQA 300 questions with 4  none 3 crowd workers; 0 5547039 100
answers each; 30 mean (104.9; 8-656)
questions, 120
answers (10%)

USR-TC 60 contexts with 6 none 3 dialogue 0 61.7/046 19.5
responses each; 12 researchers; mean (22.9; 6-58)
contexts, 72 responses
(20%)

USR-PC 60 contexts with 5 none 3 dialogue 0 72.6/052 12
responses each; 12 researchers; mean (12.9; 6-30)

contexts, 60 responses
(20%)

Table Al: Construction of the nine panels. The sample gives sampled units and the sampled fraction. Half-way:
labels whose rater mean is a half level. Rater reference (Section 3.3): pooled exact accuracy (%) and mean QWK.
Unit words: whitespace words in the submission; our RiceChem records do not hold the submissions, and our
HealthBench records give completion length in characters only. HealthBench’s 406 pairs by theme: hedging 108,
context seeking 66, health data tasks 60, communication 54, emergency referrals 50, complex responses 38, global
health 30; its units by number of criteria: one 30, two 134, three 36. Criteria per panel, with the shortest and longest
criterion sentence in words: RiceChem 27 (3-21), HealthBench 34 (7-481), ELLIPSE 6 (27-36), FED-Turn 7 plus
1 binary (4—13), FED-Dialogue 9 plus 1 binary (6—13), HelpSteer2 4 (15-32), LFQA 3 (14-33), and USR-TC and
USR-PC 3 plus 2 binary each (11-43). The ordinal panels hold 3,778 of each matched judge’s 5,003 pairs.

on the six analytic traits (Aljuaid et al., 2025),
and zero-shot GPT-4 reaches 0.307 on the holistic
score (Hou et al., 2025), a different target. Cal-
ibration examples help GPT-4 rate short second-
language essays (Yancey et al., 2023). Section 2
cites evidence that essay graders built on LLMs
score below human raters. A correlation with the
rater mean does not register a constant shift, which
is why we also report exact accuracy and the offset,
for four judges under one protocol.
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Labels. Ratings of N/A are dropped before
the mean is taken. This affects FED-Dialogue
error_recovery (Appendix F) and one FED-Turn
fluent pair, whose label rests on four raters. Half-
way means are kept, and Table Al counts them;
outside ELLIPSE, at most two labels on any panel
are half-way means. ELLIPSE labels average
the two raters’ individual scores, and the bench-
mark’s released score is not used. HelpSteer2’s
per-annotator ratings, published separately, were
not used (Table Al gives its label). An embed-



Judge (criteria) Primitive Instruction or prompt Options, in the order shown Verdict

bare Noul (binary ~ Noul {requirement} none MET if P(yes) > 0.5
panels)
Jev Noul (binary Noul Determine whether this true: Dyer; false: Dynmer MET if P(yes) > 0.5;
panels; embedded criterion is satisfied by the cannot abstain
binary criteria) “submission™. Criterion:
{requirement}
Jev Choice (binary Choice  the Jev Noul instruction MET: Dyer; UNMET: Duynmver; most probable option
panels) CANNOT_ASSESS: Dca
Jev Choice (ordinal Choice  {requirement} every option text as an option most probable option;
criteria) label, in scale order, the NA NA is an abstention
option last; description fields left
empty
Jev Score (ordinal ~ Score {requirement} the same option texts as level expected level, rounded
criteria) descriptions, in scale order; no  half to even; cannot
NA option abstain
LLM judges - harness’s default binary MET, UNMET, JSON with the status
(binary criteria) system prompt; user message CANNOT_ASSESS, defined in  and an explanation
with the criterion type, the system prompt with Dygr,
criterion, input, and Dunwmer, and Dca
submission
LLM judges - harness’s default multi-choice option labels, the NA option JSON with the option
(ordinal criteria) system prompt; user message included, shuffled for every pair number and an
with the criterion as a explanation; NA is an
question, numbered options, abstention

input, and submission

Table A2: What each judge receives. {requirement} is the criterion text, verbatim. Dy = “The thing described
in the criterion IS present in the submission”; Dynmer = “The thing described in the criterion IS NOT present
in the submission”; Dca = “Insufficient evidence to determine either way (use rarely)”. Jev’s definitions are
copied verbatim from the harness’s binary system prompt; every criterion has positive weight, so the harness’s
definitions for negative criteria were never used. The wrapper of Section 3.1 is the Jev Noul instruction with
Dyer and Dynmer. Bare Noul is reported only in Appendix D. The two LLM rows describe per-criterion
judgments; for whole-rubric judgments the judge receives the same criterion texts and options together (Appendix N).
The LLM judges’ model identifiers, as their APIs report them, are gpt-5.6-1una, gemini-3.8-flash, and
deepseek/deepseek-v4.1-flash.

ded binary criterion takes the rater majority. A tie  uncertainty of this kind can distort any comparison
would have removed the pair, and none occurred. with human agreement (Elangovan et al., 2025).

Rater reference. The rater reference of Sec- LLM judges. The harness routes all three LLM
tion 3.3 uses the metric functions applied to the  judges through LiteLLM. Each runs as a single
judges and pools over units with at least two raters.  judge in the harness, with a strict JSON response
Each rater on a binary criterion is compared with ~ schema and no few-shot examples. Only the ef-
the majority of the others, and ties are skipped. fort runs and the calibration’s explicit-medium runs
Panel exact accuracy pools the ordinal criteria in ~ sent a reasoning or thinking parameter (Section 3.2;
proportion to their rater comparisons, and panel  Appendix O). All three judges still emitted rea-
QWK is mean QWK as defined in Section 3.4. The  soning tokens in the main runs, Luna far fewer
smaller target of Section 3.3 matters most when  than the other two: on the ordinal panels, Luna
a unit has few raters, since with three raters it is  emitted 337,696, Gemini 2,556,073, and DeepSeck
the mean of two ratings. With three raters per unit ~ 3,046,094. Luna’s count includes the first run of
on the USR panels, the reference is 100.0% on the spot check described below, which shared the
unanimous pairs and 34.4% (USR-TC) or 42.0%  response cache. The shuffle of Section 3.2 draws
(USR-PC) on split pairs, so its value is set largely =~ from a generator seeded with the logged per-run
by the share of unanimous pairs. Of the leave-one-  seed, the submission, the criterion index, and the
out factuality targets on LFQA, 48.3% are half- judge. It moves the NA option with the others,
way means of two ratings and round up, whereas  and the chosen option is mapped back to its level.
no three-rater label on LFQA is half-way. Label = The response cache was on. Twelve of Luna’s em-
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bedded binary verdicts were served from that spot
check’s cached responses, and every other recorded
verdict comes from a single pass over its panel.

Tier descriptions. The descriptions of speed
and price behind the flash tier are the vendors’
own, accessed 27 September 2026; the wall times
we measured are in Table B1. OpenAl called
GPT-5.6 Luna “our fastest and most affordable
model” on 30 July 2026 (https:
//openai.com/index/advancing-the-price-
performance-frontier-with-gpt-5-6/), and
its model page rates Luna’s speed “Fast” and says
it is “designed for cost-sensitive, high-volume
workloads” (https://developers.openai.com/
api/docs/models/gpt-5.6-1una). Google
offers Gemini 3.8 Flash “with the speed and cost
efficiency of Flash” (https://ai.google.dev/
gemini-api/docs/models/gemini-3.8-flash)
and on 2 September 2026 described it as “often
approaching the performance of higher-cost
frontier models”
(https://blog.google/innovation-and-ai/
models-and-research/gemini-models/3-8-
flash-and-3-8-flash-cyber/). DeepSeek
introduced V4.1 Flash with “faster inference” and
“lower API prices” (https://www.deepseek.
com/en/news/deepseek-v4-1-flash/).

System prompts. The LLM judges receive the
harness’s default system prompts (Table A2). The
multi-choice prompt, which they receive for ordi-
nal criteria, tells the judge to “Pay careful attention
to negation, scope, and qualifying language” and to
“Be strict about factual accuracy but flexible about
wording”, and not to retreat to a middle option
when unsure (“Do not default to middle options out
of uncertainty”’). When a submission contradicts
itself and no stance dominates on an ordered scale,
the prompt asks for the lower-quality level (‘“se-
lect the option reflecting the weaker (lower-quality)
reading”). It reserves the NA option for submis-
sions that point to inaccessible content, cannot be
judged on the question, or are too garbled to eval-
uate, and it warns against choosing NA when the
judge is uncertain but has some evidence.

Routing and failures. OpenRouter’s default rout-
ing spread DeepSeek’s main-run requests on the or-
dinal panels over 11 upstream providers. DeepSeek
returned an empty response on six ordinal pairs
(four on ELLIPSE, one on HelpSteer2, and one
on LFQA), which are excluded from every ordi-
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nal metric. It did the same on one RiceChem pair
and two HealthBench pairs, and these three are
the one exception to the exclusion of judge-call
failures from the denominators: the harness stores
each failed per-criterion request of DeepSeek on a
binary panel as an UNMET verdict and does not
flag it, so they count as verdicts in the analyses of
the main runs (Table F1). No Jev request failed.
Appendix N gives the routing and the failures of
the whole-rubric requests, and Appendix O those
of the effort runs.

What Jev receives. The two fields of Jev’s state
(Section 3.1) are named input and submission,
after the harness’s tags. The input is the unit’s con-
text. It is the preceding conversation on FED-Turn
and HealthBench, the conversation with the fact
or persona the response is conditioned on for the
USR panels, the user’s prompt on HelpSteer2, the
question on LFQA and RiceChem, and the title of
the essay prompt on ELLIPSE. On FED-Dialogue
it is the fixed sentence “A conversation between a
User and a System.” Unlike the LLM judges, Jev
does not receive the criterion type.

Run-to-run variation of Jev. Requests named
the jev-latest alias, and the main runs did not
log the version that answered them. A stability
check on the day of the judging runs logged it: five
interleaved passes over the RiceChem panel and a
59-pair HealthBench subset, under all three binary
framings, used 2,250 requests, and every one of
them reports jev-1.13.0. On RiceChem, 2.9% of
pairs changed verdict at least once under Jev Noul
and 3.3% under Jev Choice. Under every framing,
each change occurred on a pair whose mean prob-
ability of MET lay within 0.1 of 0.5 (Figure D1b
shows Jev Noul). The standard deviation of accu-
racy across passes was 0.36 points for Jev Noul on
RiceChem, 0.76 points on the HealthBench sub-
set, and at most 0.93 points for any framing. The
share of pairs with identical probabilities in all five
passes ranged from 4.2% of RiceChem pairs under
bare Noul to 35.8% under Jev Choice. The median
request latency was 0.18 to 0.20 seconds in every
pass.

Repeated Luna judgments. In a spot check be-
fore the reported runs, Luna judged 82 pairs twice,
all the pairs of two units from each ordinal panel,
the second time with the response cache bypassed.
The two runs agreed on 71 of the 82 pairs (86.6%).
The reported Luna run is a later, separate pass
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and was not compared with either. The second
default runs of Appendix O later repeated every
LLM judge’s per-criterion judgments on the 106
repeat units.

B Cost and Wall Time

How cost is computed. Section 3.4 gives the cost
rule behind Table B1. Jev’s cost is the input-token
count that the API reported for each request, at the
price of Section 3.1. Luna’s and Gemini’s costs
are LiteLLM’s completion cost, computed for each
request from the token counts the API reported,
reasoning tokens included. Gemini’s recorded cost
is reproduced exactly by $0.75 per million prompt
tokens and $3.75 per million completion tokens,
and its prompt-token price is about 18 times Jev’s.
A response served from the cache carries the cost
of its original request. Over the seven ordinal pan-
els Jev Choice and Jev Score cost about the same,
$0.043 and $0.042.

DeepSeek’s billed cost. A panel’s billed cost
sums the costs that OpenRouter reported with each
response. The harness’s own estimate applies one
list price to every request, whichever upstream
provider served it, and it is lower (Table B1, last col-
umn). The billed cost is 1.36 times the estimate on
RiceChem and 1.23 times on HealthBench. On sin-
gle ordinal panels the factor runs from 1.31 to 1.46,
and it is 1.34 over the seven together. The billed
totals exclude the six failed requests on the ordinal
panels and the three failed binary ones, which left
no cached response.

Criteria per unit and unit length. Across the
ordinal panels, Gemini’s cost ratio rises with every
increase in criteria per unit, from 255x on LFQA
(3.0 criteria per unit) to 770x on FED-Dialogue
(10.0), because a per-criterion LLM judge sends
every criterion as a request of its own while Jev
answers all of a unit’s criteria in a single request.
Over all nine panels it runs from 121 x on Health-
Bench (2.0 criteria per unit) to FED-Dialogue’s
770x. RiceChem departs from that order. With 6.8
criteria per unit, its ratio (326 x) is below those of
ELLIPSE and both USR panels, which have fewer.
The Luna and DeepSeek ratios follow the order less
closely. Among Luna’s ratios, ELLIPSE’s (29x) is
below HelpSteer2’s (33 x), and among DeepSeek’s
billed ratios, HelpSteer2’s (65 x) is above those of
both USR panels (62x and 59 x), although Help-
Steer2 has fewer criteria per unit than either. Unit
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length has little effect. ELLIPSE’s essays are the
longest ordinal units and the USR responses among
the shortest (Table A1), yet with one criterion per
unit more, ELLIPSE’s Gemini ratio (396 x) is close
to the USR panels’ (373 x and 349 x).

Reasoning tokens. Besides the number of re-
quests, Gemini’s per-token price and its reasoning
tokens widen its cost ratio. Completion tokens,
which include reasoning tokens, make up most of
Gemini’s bill on ELLIPSE, $6.66 of $9.46 (70.4%),
and 47.8% of its $1.64 on FED-Turn.

Wall time. Wall time is measured around each
panel’s evaluation and includes checkpoint writes.
On the ordinal panels each judge ran in its own pro-
cess. The three LLM processes ran simultaneously,
each against its own provider, and the Jev Choice
and Jev Score processes ran together against Jev’s
API. On each binary panel the LLM judges ran one
after another, Luna first and DeepSeek last. The
RiceChem and HealthBench runs proceeded simul-
taneously and sent requests to the same providers
in the same order, so their LLM wall times are not
isolated measurements. Jev’s binary framings ran
one after another in a single process.

C Paired Comparisons and Secondary
Metrics

Section 4.1 rests on the unit-level comparisons of
Table C1. Table C2 adds every pair-level sign test,
and Table C3 gives secondary metrics for the ordi-
nal panels.

Pair sets. Because abstentions and judge-call fail-
ures leave the denominators (Section 3.4), two
judges’ accuracies share a denominator only in
a paired comparison. The pair set also differs be-
tween analyses, which is why one judge’s accuracy
on a panel differs between tables. Table 2 counts
an ordinal panel’s ordinal pairs. The comparisons
of Jev Choice in Table C1 add its embedded binary
pairs and keep the pairs both judges scored. Table 4
and the cascade analyses of Appendix K count ev-
ery pair Jev answered, keeping Jev’s verdict where
the cascade’s fallback judge (Section 6) abstained.
The one kind of judge-call failure that stays in the
denominators, DeepSeek’s on the binary panels, is
described in Appendix A.

Unit-level analysis. Each comparison of Ta-
ble C1 draws its resamples from its own seeded
generator. The bootstrap intervals separate as many



Criteria

DeepSeek

Panel Pairs .. Jev Choice Jev Score Luna Gemini billed estimate
per unit

(a) Cost in US dollars (ratio to Jev Choice)

RiceChem 819 6.8 0.0071 — 0.284 (40x) 2.321 (326x) 0.518 (73 %) 0.382

HealthBench 406 2.0 0.0129 — 0.226 (18x) 1.560 (121x)  0.430 (33 %) 0.349

ELLIPSE 1,548 6.0 0.0239 0.0234 0.690 29%x) 9.457 (396x) 1.877 (79%x) 1.436

FED-Turn 600 8.0 0.0027 0.0025 0.125(47x) 1.636 (607x) 0.234 (87 ) 0.178

FED-Dialogue 250 10.0 0.0011 0.0010 0.065 (61x) 0.825(770x) 0.181 (169x) 0.130

HelpSteer2 360 4.0 0.0050 0.0049 0.163 (33x) 1.450 (290x) 0.324 (65%) 0.232

LFQA 360 3.0 0.0050 0.0048 0.112(23x) 1.266 (255%x) 0.271 (55x%) 0.186

USR-TC 360 5.0 0.0032 0.0032 0.103(32x) 1.206 (373%x) 0.200 (62x) 0.142

USR-PC 300 5.0 0.0025 0.0024 0.077 31x) 0.866 (349%x) 0.147 (59%) 0.107

Nine panels 5,003 - 0.0633  0.0422% 1.844 (29x) 20.587 (325x) 4.183 (66x) 3.141 (50x%)

USS$ per 1,000 pairs 0.013 0.011¢ 0.37 4.11 0.84 0.63

(b) Wall time in seconds (ratio to Jev Choice)

RiceChem 3.9 - 238 (61x) 210 (54x) 1,988 (507x)

HealthBench 53 - 158 (30x%) 133 (25%x) 1,202 (227x)

ELLIPSE 7.4 7.5 20528x) 316 (43x) 1,643 (223 %)

FED-Turn 1.9 2.2 56 (29x) 66 (34x) 217 (112x%)

FED-Dialogue 0.8 0.8 28 (35%) 30 (38x) 203 (252x%)

HelpSteer2 24 2.3 56 (24x) 55(23x) 407 (173 %)

LFQA 34 3.5 46 (14x) 50 (15x) 404 (120x%)

USR-TC 2.0 1.8 40 (20x) 55 (28x%) 116 (59 %)

USR-PC 1.6 1.6 33 21x) 33 21x) 119 (76 %)

Nine panels 28.6 19.8% 859 (30x) 950 (33%x) 6,298 (220x)

Table B1: Cost and wall time per panel and judge. Concurrency: Jev 8 on every panel; Luna 16, Gemini 20, and
DeepSeek 32 on the ordinal panels; every judge 8 on the binary panels. DeepSeek: billed cost (Section 3.4) and, in
the last column, the harness’s estimate for the same requests, with its ratio given only for the total. “Seven ordinal
panels only; Jev Score was not run on the binary panels. Jev’s bare Noul and Jev Noul costs on the binary panels are
in Table D1, and judge-call failures in Table F1. Prices are those of the run date.

of the 27 comparisons as the uncorrected pair-level
tests do, four in each direction, and seven of the
eight separations coincide. The exception is Gem-
ini’s pair-level lead on FED-Turn (p = 0.032),
which the intervals do not separate. Of its 75 turns,
17 favor Jev Choice, 25 favor Gemini, and 33 are
tied (punit = 0.28). The intervals separate Luna’s
lead on USR-PC instead, whose pair-level p is 0.10.
The unit sign test is significant in six comparisons,
three in each direction, and after Holm correction
it keeps the same three as the pair-level test. It
does not separate two comparisons with Luna that
the intervals separate, Jev Choice’s lead on Health-
Bench (pynit = 0.059) and Luna’s lead on USR-PC
(Punit = 0.11). Separation also depends on how
the paired difference varies across units, so equal
accuracies can differ in separation. On USR-PC,
Luna and Gemini have the same exact accuracy
(Table 2), and Gemini’s lead over Jev Choice in
Table C1 is the larger, 4.3 points against 4.0, but its
interval is wider and includes zero, so only Luna’s
lead is separated.
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Single accuracies on ELLIPSE. Over 2,000 re-
samples of ELLIPSE’s essays, the marginal 95%
interval of exact accuracy is 11.5% to 15.3% for
Jev Choice and 27.0% to 32.8% for Gemini.

Parity and equivalence bounds. Parity amounts
to two one-sided tests of equivalence at v = 0.05.
It holds with Luna on ELLIPSE, FED-Turn, and
USR-TC; with DeepSeek on RiceChem, Health-
Bench, ELLIPSE, and USR-PC; and with Gemini
on LFQA. The bound of Table C1 has a median of
5.9 points and is at most 7.5 points for 21 of the
27 comparisons. Three of these 21 are also sepa-
rated, so at a 7.5-point margin they would be both
equivalent and separated.

Resampling sampling groups. The sampling
groups are the 45 HelpSteer2 prompts, the 30
LFQA questions, and the 12 contexts of each USR
panel. Resampling them in place of units widens
nine of the twelve intervals with an LLM judge on
these panels and changes four outcomes. Luna’s
lead on USR-PC loses its separation, its inter-



Panel Judge Units Diff 95% interval Bound J:O Ppunit  Class
Each LLM judge against Jev Choice
RiceChem Luna 121 -3.2 —-5.5,-0.9 5.1 40:21 0.020 separated
Gemini 121 —4.9* —7.5,-2.3 7.0 46:20 0.002 separated
DeepSeek 121 —1.7 —4.6,+1.2 4.1 40:33 0.48 parity
HealthBench  Luna 200 —6.7 —-12.2,-1.0 11.3 55:36 0.059 separated
Gemini 200 +2.5 —1.4,+46.2 56 22:34 0.14 -
DeepSeek 200 —0.7 —4.6,+3.1 39 25:26 1.00 parity
ELLIPSE Luna 258 +0.6 —0.8,42.1 1.8 34:45 0.26 parity
Gemini 258 +16.4% +14.1,4+18.7 183 7:150 5 x 1073¢ separated
DeepSeek 258 +1.6 —0.1,43.4 3.1 53:66 0.27 parity
FED-Turn Luna 75 +1.0 -—-3.3,45.2 45 18:29 0.14 parity
Gemini 75  +3.7 —0.3,+7.8 72 17:25 0.28 -
DeepSeek 5 422 —1.7,45.8 5.3 19:30 0.15 -
FED-Dialogue Luna 25 —-04 -7.0,+6.8 6.1 10:7 0.63 -
Gemini 25  +7.9F 42.7,4+13.5 124  2:10 0.039 separated
DeepSeek 25 —1.7 —6.9,+3.5 6.0 10:7 0.63 —
HelpSteer2 Luna 90 —10.2% —15.8, —4.8 149 40:14 5x10~* separated
Gemini 90 +5.7 +0.9, +10.3 9.5 13:31 0.010 separated
DeepSeek 90 -—-2.3 —-6.6,+1.7 59 20:15 050 -
LFQA Luna 120 +2.8 —0.6,+6.1 56 13:22 0.18 -
Gemini 120 —-1.1 -5.6,+3.1 4.8 28:25 0.78 parity
DeepSeek 120 —3.7 —7.6,0.0 69 23:14 0.19 -
USR-TC Luna 72 40.3 —4.2,44.7 42 20:20 1.00 parity
Gemini 72 431 —-1.1,472 6.5 14:24 0.14 -
DeepSeek 72 —-14 —6.7,43.6 58 18:20 0.87 -
USR-PC Luna 60 +4.0 +0.3,+7.7 7.0 8:17 0.11 separated
Gemini 60 +4.3 —-0.3,49.0 83 9:19 0.087 -
DeepSeek 60 —0.3 —4.4,+4.0 37 12:9 0.66 parity
Jev Score against Jev Choice (ordinal pairs)
ELLIPSE JevScore 258 +1.9% 40.9,4+2.9 28 15:42 5x107* separated, parity
FED-Turn Jev Score 75 410.5% 4+6.5, +14.5 137 9:42 3 x107° separated
FED-Dialogue Jev Score 25 47.2% 4+2.0,+12.8 119 4:13 0.049 separated
HelpSteer2 Jev Score 90 —-34 -7.8,40.9 7.1 26:17 022 -
LFQA Jev Score 120 +0.8 —2.5,+4.2 36 11:14 0.69 parity
USR-TC Jev Score 72 4+4.2 +0.9,47.9 74  3:11 0.057 separated
USR-PC Jev Score 60 —1.1 —-5.6,+3.3 5.0 9:7 0.80 -

Table C1: Paired comparisons with units resampled (Section 3.4). Diff: the second judge’s accuracy minus Jev
Choice’s, in points, on the pairs both scored; on the ordinal panels the upper block includes the embedded binary
pairs (Section 3.1), and the lower block uses ordinal pairs only. 95% interval: percentile interval over 10,000
resamples of units. Bound: the smallest symmetric margin, in points, that contains the 90% interval. J : O: units on
which Jev Choice is ahead against units on which the other judge is ahead, and p,,;; the exact two-sided sign test
over them, with tied units set aside. Class: separated (Section 3.4), parity (Section 3.4), both, or neither (—). Parity
needs a bound below 5 points, so USR-PC Jev Score, with a bound of exactly 5.0, is not at parity. &: the bootstrap
p-value survives Holm correction within its block of 27 or 7 comparisons.

val now running from —0.3 to 48.7 points. Jev
Choice’s lead over DeepSeek on LFQA gains one,
with an interval from —6.5 to —0.6. USR-TC Luna
and LFQA Gemini lose parity, with bounds of 5.3
and 5.1 points. That leaves eight separations, five
of them Jev Choice’s leads and the other three all
Gemini’s. With 12 to 45 groups these percentile
intervals are rough.

Jev Score against Jev Choice. The unit sign test
favors Jev Score on ELLIPSE, FED-Turn, and FED-
Dialogue, and Holm correction keeps the first two.
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The bootstrap intervals also separate USR-TC (Ap-
pendix E). The ELLIPSE difference of 1.9 points
is both separated and at parity.

Pair-level sign tests. For two judges, the test
counts the pairs both scored that only the first got
right and those that only the second got right, and
applies an exact two-sided binomial test with prob-
ability 0.5 to these discordant counts, the exact
McNemar test. Jev Choice is tested on the pair
sets of Table C1. Tests involving Jev Score use
ordinal pairs only, since on embedded binary pairs



Panel Judge n Jev LLM p PHolm Panel Judge n Jev LLM p
Jev Choice against each LLM judge Jev Noul against each LLM judge (binary panels)
RiceChem Luna 819 64 38 0.013 0.30 RiceChem Luna 819 62 43 0.078
Gemini 819 86 46 6x 10~* 0.016 Gemini 819 88 55 0.007
DeepSeek 819 65 51 0.23 1.00 DeepSeek 819 60 53 0.57
HealthBench Luna 406 74 47 0.018 0.39 HealthBench Luna 406 73 45 0.013
Gemini 406 28 38 0.27 1.00 Gemini 406 33 42 0.36
DeepSeek 406 34 31 0.80 1.00 DeepSeck 406 39 35 0.73
ELLIPSE Ial:rlr?ini }’gjg gg 22451 5 100_";,; 1x1 01_'2(1) Jev Score against each LLM judge (ordinal pairs)
DeepSeek 1,543 76 101 0.071 1.00  ELLIPSE Iéunal 4 17538 74 2251 10_}12
FED-Turn  Luna 600 51 57 0.63 1.00 et 1’2 4§ gg 82 x 00 ©
Gemini 600 37 59 0.032 0.63 P ’ .
DeepSeek 599 40 53 0.21 1.00 FED-Turn Luna 525 82 35 2x107°
FED-Dialogue Luna 232 25 24 1.00 1.00 Gemini 525 75 43 0.004
Gemini 228 12 30 0.008 0.19 DeepSeek 524 75 38 6x 10
DeepSeek 232 28 24 0.68 1.00 FED-Dialogue Luna 214 35 19 0.040
HelpSteer2  Luna 352 68 32 4x 1074 0.011 gemlé“ . g(l)‘l‘ g; %zlz 016(2)(7)
Gemini 351 28 48 0.029 0.60 cepsee :
DeepSeck 350 40 32 0.41 1.00 HelpSteer2  Luna 360 63 44 0.081
LFQA Luna 358 17 27 0.17 1.00 gemlé‘l § gg; fg ;g Obogi
Gemini 357 35 31 0.71 1.00 cepsee :
DeepSeek 354 30 17 0.079 1.00 LFQA Luna 359 22 29 0.40
USR-TC Luna 360 36 37 1.00 1.00 Gemini 359 41 33 0.42
Gemini 358 26 37 021 1.00 DeepSeek 354 33 17 0.033
DeepSeek 359 37 32 0.63 1.00  USR-TC Luna 216 31 23 0.34
USR-PC Luna 299 17 29 0.10 1.00 gemlgn . %%g ﬁ %g ol(igg
Gemini 299 16 29 0.072 1.00 cepsee :
DeepSeck 299 23 22 1.00 1.00  USR-PC Luna 180 15 25 0.15
Gemini 180 17 27 0.17
DeepSeek 180 20 25 0.55

Jev Choice against Jev Score (ordinal pairs)

ELLIPSE FED-Turn FED-Dialogue HelpSteer2 LFQA USR-TC USR-PC

Pairs n 1,548 525
Jev Choice only right 18 14
Jev Score only right 47 69
P 4%x107% 7x1071°

208 352 358 216 179
5 36 13 6 10

20 24 16 15 8
0.004 0.16  0.71 0.078 0.81

Table C2: Every pair-level sign test. These tests treat pairs as independent, and Table C1 gives the unit-level
comparisons of Jev Choice. n is the number of pairs both judges scored. The Jev column counts the pairs only
the Jev framing got right, and the LLM column the pairs only the other judge got right; p is the exact two-sided
binomial test on these two counts. Left: Jev Choice against each LLM judge, with Holm-adjusted p over these 27
tests. Right: Jev Noul against each LLM judge on the binary panels, and Jev Score against each LLM judge on
ordinal pairs. Bottom: Jev Choice against Jev Score on ordinal pairs.

Jev Choice and Jev Score both answer through
Jev Noul (Section 3.1). Unlike the intervals of
Table C1, which resample units because the pairs
of one unit share its text, these tests ignore that
clustering.

Multiple comparisons. Holm correction multi-
plies the i-th smallest of the 27 p-values of Jev
Choice against an LLM judge by 28 — i, takes a run-
ning maximum, and caps the result at 1. Applied
to the bootstrap p-values, it keeps four separations,
two in each direction (f in Table C1): Gemini’s
leads on ELLIPSE and on FED-Dialogue, and Jev
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Choice’s leads over Luna on HelpSteer2 and over
Gemini on RiceChem. Applied to the pair-level
tests it keeps three: Gemini ahead on ELLIPSE,
and Jev Choice ahead on HelpSteer2 against Luna
(PHoim = 0.011) and on RiceChem against Gemini
(paoim = 0.016). Gemini’s FED-Dialogue lead,
which remains significant when the bootstrap p-
values are corrected, has a pair-level adjusted value
of 0.19. The other 34 pair-level tests in Table C2
are reported without correction. Among them, Jev
Score is significantly more accurate than an LLM
judge in 7 of its 21 comparisons on ordinal pairs
and significantly less accurate in 2, both against



ELLIPSE FED-Turn FED-Dialogue HelpSteer2 LFQA USR-TC USR-PC

(a) Within-one accuracy (%)

Jev Choice 64.3 90.5 88.0 81.8 94.7 99.1 92.7
Jev Score 70.1 97.9 91.6 86.1 96.4 99.5 95.6
Luna 61.7 94.7 90.2 80.0 95.0 98.6 98.3
Gemini 90.5 94.1 93.1 854 97.2 98.6 96.7
DeepSeek 65.3 92.7 91.0 78.7 96.0 98.6 93.3
Rater reference 98.2 97.1 97.3 - 94.4 95.5 98.0
(b) Mean absolute error (levels)
Jev Choice 1.26 0.53 0.63 0.78 0.37 0.39 0.51
Jev Score 1.16 0.35 0.57 0.73 0.34 0.34 0.49
Luna 1.29 0.48 0.63 0.89 0.34 0.39 0.41
Gemini 0.80 0.45 0.50 0.66 0.36 0.36 0.43
DeepSeek 1.23 0.48 0.62 0.85 0.39 0.43 0.49
(c) Offset against the unrounded rater mean (levels)
Jev Choice —1.01 —0.29 —0.53 —-0.33 —-0.20 +0.02 —0.31
Jev Score —0.92 —0.08 —0.44 —-0.29 -0.11 +0.05 —0.28
Luna —1.04 —0.15 —0.51 —0.48 —0.20 +0.14 —0.21
Gemini —0.54 —-0.07 —0.33 —-0.26 —0.11 +0.02 —0.34
DeepSeek —0.93 —0.10 —0.48 —-0.39 -0.14 +0.18 —0.28
(d) Spearman p of the unit aggregate with the holistic score
Jev Choice 0.70 0.60 0.76 0.20 0.51 0.72 0.77
Jev Score 0.67 0.60 0.73 0.13 0.52 0.74 0.80
Luna 0.66 0.55 0.79 0.22 0.53 0.64 0.82
Gemini 0.72 0.44 0.68 0.27 0.61 0.79 0.92
DeepSeek 0.62 0.51 0.83 0.12 0.47 0.72 0.76
(e) Spearman p with the unrounded rater mean, pooled over criteria
Jev Choice 0.42 0.57 0.56 0.61 0.52 0.62 0.59
Jev Score 0.37 0.60 0.51 0.64 0.54 0.63 0.60
Luna 0.36 0.46 0.47 0.57 0.52 0.58 0.62
Gemini 0.56 0.50 0.49 0.66 0.60 0.68 0.76
DeepSeek 0.37 0.47 0.57 0.56 0.55 0.58 0.58
(f) Verdict accuracy on embedded binary criteria (%)
Jev Choice - 98.7 80.0 - - 75.7 90.8
Jev Score - 98.7 80.0 - - 75.7 92.5
Luna - 96.0 80.0 - - 75.7 94.2
Gemini - 97.3 88.0 - - 78.3 95.0
DeepSeek - 93.3 72.0 - - 77.6 87.5
Rater reference - 93.3 95.1 - - 90.0 95.5
(g) Mean QWK against the rounded label
Jev Choice 0.15 0.42 0.34 0.29 0.47 0.57 0.47
Jev Score 0.14 0.50 0.40 0.32 0.48 0.59 0.45
Luna 0.13 0.37 0.29 0.29 0.51 0.46 0.52
Gemini 0.29 0.39 0.35 0.34 0.48 0.60 0.58
DeepSeek 0.16 0.39 0.36 0.30 0.43 0.50 0.42
(h) Jev Score’s offset against the rounded label (levels)
Jev Score —-1.15 —0.16 —0.48 -0.29 -0.09 +0.03 —0.34

Table C3: Secondary metrics on the ordinal panels. (a) and (b) are computed on ordinal pairs. (c) HelpSteer2’s
single released label serves as its rater mean, so its row repeats the offsets against the label. (d) Correlation over
units between the holistic score (ELLIPSE overall score, FED and USR overall ratings, HelpSteer2 helpfulness, and
LFQA acceptability) and the harness’s unit aggregate, the mean of option values over a unit’s criteria. (¢) Predicted
level and rater mean are both scaled to [0, 1] within each criterion. (f) The Jev Choice and Jev Score rows are
Jev Noul verdicts from two separate requests. (g) Per-criterion QWK averaged over each panel’s ordinal criteria;
Table 2b sets the matched judges’ mean agreement with one another beside their mean agreement with the labels.
(h) The other judges’ offsets are in Table 2c. Rater reference: as in Section 3.3 and, for (f), Appendix A.

Gemini, on ELLIPSE and HelpSteer2. These 21 = rounded rater mean, every offset outside USR-TC
comparisons were not repeated at the unit level. is negative, as it is against the rounded label, so
the rounding rule does not produce the sign of the
offset (Table C3c). Jev Noul’s MET rate over the
embedded binary pairs (74.2%) is close to the la-

Secondary metrics. Within-one accuracy (Ta-
ble C3a) is exact accuracy with a one-level miss
also counted as correct. Measured against the un-
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bels’ (74.7%), largely because two USR-TC cri-
teria err in opposite directions, understandable
with 17 false positives and uses_knowledge with
16 false negatives. The unit aggregate correlates
with HelpSteer2’s helpfulness score at Spearman
0.12 to 0.27 for every judge, against 0.44 to 0.92
on the other ordinal panels (Table C3d), although
HelpSteer2’s correctness label alone tracks help-
fulness (Table H1).

D The Binary Panels

Framings and the full RiceChem set. Table D1
gives the three Jev framings of Table A2 and the
three LLM judges on both binary panels. Bare
Noul is Jev Noul without the wrapper (Section 3.1).
Under every framing Jev also judged the full
RiceChem set, all 1,240 responses to the four
RiceChem questions (8,392 pairs), on which no
LLM judge was run.

Jev Noul against Jev Choice. Jev Noul and
Jev Choice return nearly the same verdicts: over
the full RiceChem set, Cohen’s k between them
is 0.945. On the panels their accuracies differ
by 0.9 points (RiceChem) and 0.2 (HealthBench).
The wrapper matters more than which primitive is
asked, adding 10.7 points to bare Noul’s accuracy
on RiceChem but only 1.0 on HealthBench.

The wrapper on RiceChem. On the full set the
wrapper’s gain is 9.6 points, against 10.7 on the
panel. The gain comes from false positives. Bare
Noul predicts MET on 78.4% of the panel’s pairs
against a labeled rate of 59.5%. The wrapper low-
ers the false-positive rate from 61.1% to 34.9% and
leaves the false-negative rate near 10%. Per crite-
rion on the full set, the largest gain, 43.2 points, is
on the nine-word criterion “Explaining sentence 2:
any additional energy becomes kinetic energy”. It
states content without saying what to check, which
may be why the definitions help there. Only two of
the 27 criteria lose accuracy under the wrapper, by
5.0 and 2.1 points.

The wrapper on HealthBench. Of Health-
Bench’s 34 consensus criteria, the wrapper raises
accuracy on 5, lowers it on 9, and leaves 20 un-
changed. A 466-word context-seeking criterion
of 23 pairs gains the most, rising from 39.1% to
82.6%, yet two other context-seeking criteria of
similar length each lose 10.0 points. Criterion
length does not predict the direction of the effect,
since the criteria that lose accuracy run from 32
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Figure D1: Jev Noul on RiceChem (black) and Health-
Bench (gray). (a) Error rate by the margin | P(MET) —
0.5 in five bands of 0.1, on the full RiceChem set (8,392
pairs) and on HealthBench (406 pairs). (b) Share of
pairs whose verdict changed across five runs, by the
same bands, on the RiceChem panel (819 pairs) and a
59-pair HealthBench subset, with hollow markers for
bands of fewer than 20 pairs.

to 481 words. The three largest losses, of 20.0 to
30.8 points, fall on criteria of 13 or fewer pairs.
The largest is on a global-health criterion that is
met when the response contains no inaccuracies
that could lead to harm. MET there means that
something is absent, which the wrapper’s definition
of MET as something “present in the submission”
may not capture. Because each criterion holds only
4 to 25 pairs, these differences show only that a
fixed wrapper can lower accuracy on individual
criteria.

CANNOT_ASSESS. Jev Choice did not choose
CANNOT_ASSESS on any of the 8,392 RiceChem
pairs or the 406 HealthBench pairs. Its highest
probability for that option was 0.29 on RiceChem
and 0.17 on HealthBench. No LLM judge chose
CANNOT_ASSESS on either panel (Table F1).

Direction of error. Jev Noul’s false positives
outnumber its false negatives by 2.5 to 1 on the
RiceChem panel, 1.8 to 1 on HealthBench (Ta-
ble D1), and 3.1 to 1 on the full RiceChem set.
The LLM judges differ in direction. On RiceChem
Luna and DeepSeek err toward MET and Gem-
ini toward UNMET. Luna errs toward UNMET on
HealthBench, DeepSeek slightly so, and Gemini’s
errors there are balanced.

Probabilities. Discrimination and calibration
need a probability for each verdict, so they are
reported for Jev alone. For every framing, the
AUROC of P(MET) between MET and UNMET
pairs is 0.80 to 0.86 on the two panels, and the ex-
pected calibration error is 0.056 to 0.096 there and
0.062 to 0.089 over all 8,392 RiceChem pairs (Ta-



Accuracy x AUROC FPR FNR FP.:FN Pred. MET ECE Cost
(%) (%) (%) (%) (US$)
RiceChem panel: 819 pairs, labeled MET rate 59.5%
bare Noul 69.4 0.31 0.80 61.1 99 203:48 78.4 0.077 0.0037
Jev Noul 80.1 0.57 0.86 349 9.7 116:47 67.9 0.056 0.0055
Jev Choice 81.0 0.59 0.85 322 10.1 107:49 66.5 0.096 0.0071
Luna 77.8 0.54 - 30.1 1638 100:82 61.7 - 0.284
Gemini 76.1 0.52 - 21.1 259 70:126 52.6 - 2321
DeepSeek 79.2  0.56 - 304 142 101:69 63.4 - 0518
HealthBench panel: 406 pairs, labeled MET rate 53.7%
bare Noul 764 0.52 0.83 309 174 58:38 58.6 0.074 0.0112
Jev Noul 773 0.54 0.84 314 15.1 59:33 60.1 0.070 0.0121
Jev Choice 77.1 0.54 0.84 314 15.6 59:34 59.9 0.073 0.0129
Luna 70.4 0.42 - 17.0 404 32:88 39.9 - 0.226
Gemini 79.6 0.59 - 223 188 42:41 539 - 1.560
DeepSeek 76.4 0.53 - 239 234 45:51 52.2 - 0430
Full RiceChem set: 8,392 pairs, Jev only
bare Noul 71.1 - - - - - - 0.089 -
Jev Noul 80.7 - - - - 1,226:396 - 0.062 -
Jev Choice 81.4 - - - - - - 0.089 -

Table D1: The binary panels. Verdict accuracy; Cohen’s  against the human label; AUROC of P(IMET) (Jev
only); false-positive and false-negative rates; false positives against false negatives; predicted MET rate; expected
calibration error of P(IMET) (Jev only; ten equal-width bins on RiceChem, eight on HealthBench); cost. P(IMET)
is Noul’s returned probability of yes and, for Jev Choice, the returned probability of the MET option. Jev Noul’s
MET-rate offset (Section 3.4) is 4+-8.4 points on RiceChem and +6.4 on HealthBench. DeepSeek’s three failed

requests count as UNMET verdicts (Appendix A).

ble D1). Jev Noul’s error rate falls with the margin
|P(MET) —0.5|, from 46.1% on the full RiceChem
set and 49.2% on HealthBench in the band near-
est 0.5 to below 10% at margins of 0.4 or more
(Figure D1a). Figure D1b shows where verdicts
changed in the stability study of Appendix A.

A threshold set on training data. The Jev Noul
threshold was also set, post hoc, to maximize accu-
racy on the 80% training portion of RiceChem. The
chosen threshold, 0.58, gives 81.5% on the training
portion. On the panel it gives 78.9%, below the
80.1% of the fixed threshold of 0.5.

Non-English completions. The completion is
not in English on 36 of HealthBench’s 406 pairs,
and the criterion is in English on every pair. Jev
Noul is correct on 77.8% of these pairs, against
77.3% on the English pairs. The three LLM judges
are less accurate on the non-English pairs, by 7.2
points (Luna), 11.1 (Gemini), and 7.6 (DeepSeek).
With 36 pairs, the standard error of each non-
English accuracy is at least 6.9 points, so no single
difference is established, and the common direction
across the three LLM judges is suggestive only.

A physician reference. HealthBench records
each physician’s label, so the binary rater refer-
ence of Appendix A can also be computed for the
physicians. Over all 406 pairs this gives 98.1%, an
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artifact of selection. Pairs on which the physicians
tied were removed from the pool before sampling,
so all 356 two-physician pairs are unanimous, and
they contribute 712 of the 838 comparisons, every
one an agreement. The 50 pairs with three or more
physicians, from 20 completions, are free of this se-
lection. On them the physician reference is 87.3%
(95% interval 79.7 to 93.3 over completions), with
x = 0.75. Against the same leave-one-out tar-
gets the judges reach 73.0% (bare Noul) to 84.1%
(Jev Choice), which is 3.2 to 14.3 points below the
reference. Every judge’s 95% interval for its differ-
ence reaches zero, so these pairs show only that the
judges are not detectably below the physicians.

The physician-written ideal. In an ablation out-
side the protocol, HealthBench’s physician-written
ideal completion was added to Jev Noul’s state, and
accuracy rose from 77.3% to 79.1%. Because no
other judge received the ideal, this result enters no
comparison.

E Choice Against Score

Accuracy of the two framings. Jev Score and
Jev Choice are separated on four ordinal panels,
ELLIPSE, FED-Turn, FED-Dialogue, and USR-
TC, with Jev Score the more accurate on each (Ta-
ble C1). Jev Score’s within-one accuracy is the
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Figure E1: Accuracy of two Jev framings minus the
mean of the three LLM judges on each panel, in points
(verdict accuracy on the binary rows, exact accuracy on
the ordinal rows). Gray bars span the three LLM judges,
and a line joins the two framings of each row. Binary
rows show Jev Choice and Jev Noul (hollow circle),
ordinal rows Jev Choice and Jev Score (diamond). Stars
give the pair-level sign test of Jev Choice against Jev
Score (** p < 0.01, *** p < 0.001), and the unit-level
intervals of Table C1 also separate the two on USR-TC.

higher of the two on all seven ordinal panels (Ta-
ble C3a), while its exact accuracy is lower on Help-
Steer2 and USR-PC, with neither difference sepa-
rated. Only on FED-Turn does the difference be-
tween the framings, 10.5 points, exceed the spread
of the three LLM judges, 2.9 points (Table 2). The
exchange of decoding rules below places most or
all of that difference in the probabilities the two
primitives return rather than in the rules that read
them.

Framings against the LLM judges. Both bi-
nary framings lie above the LLM judges’ range
on RiceChem and inside it on HealthBench (Fig-
ure E1). Among the ordinal panels, Jev Choice
falls below that range on ELLIPSE, FED-Turn,
and USR-PC, and Jev Score only on USR-PC. Jev
Score rises above it on FED-Turn and USR-TC.
On the remaining ordinal panels each framing lies
inside the range.

The middle level on FED-Turn. FED-Turn’s
ordinal criteria have three levels, and the two fram-
ings differ most in how often they choose the mid-
dle one, “Somewhat.”: Jev Score on 29.1% of pairs
and Jev Choice on 11.2%, where the averaged la-
bels place 32.6% (Table E1). Individual raters
chose it for 26.5% of their ratings, less often than
the labels. Jev Choice, Gemini, and DeepSeek use
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“Somewhat.”  Exact  Exact, leave-
(%) (%) one-out (%)
Labels 32.6 - -
Individual ratings 26.5 - 63.8
Jev Choice 11.2 56.2 57.2
Jev Score 29.1 66.7 66.3
Luna 24.6 57.7 58.1
Gemini 13.5 60.6 62.4
DeepSeek 10.3 59.5 61.2
Decoding-rule swap (post-hoc analysis), exact (%)
Probabilities from Argmax Rounded
expected level
Jev Choice 56.2 55.4
Jev Score 64.6 66.7

Table E1: FED-Turn level use and exchange of decoding
rules (525 ordinal pairs). Top: share of pairs at the
middle level “Somewhat.” (for individual ratings, the
share of ratings); exact accuracy against the rounded
label; exact accuracy against the leave-one-out targets
of the rater reference, which for individual ratings is the
rater reference itself. Bottom: exact accuracy when each
framing’s probabilities are read by argmax or by the
rounded expected level. Jev Choice as run is the argmax
cell of its row, and Jev Score as run the expected-level
cell of its row.

the middle level least. On correct and fluent,
two criteria that state a yes-or-no property, Jev
Choice never predicts “Somewhat.” in 75 pairs
each.

Metrics on FED-Turn. On FED-Turn, Jev Score
is ahead of every matched judge in exact accuracy,
within-one accuracy, mean QWK, and mean abso-
lute error (Tables 2 and C3). It does not lead on
offset, where Gemini’s is smallest, or on the unit
aggregate’s rank correlation with the holistic score,
where Jev Choice has 0.603 and Jev Score 0.597.
Scored against the same leave-one-out targets as a
rater, Jev Score reaches 66.3% exact accuracy and
a single crowd worker 63.8% (Table E1).

Exchanging the decoding rules. The bottom of
Table E1 exchanges the two decoding rules on FED-
Turn’s ordinal pairs, as a post-hoc analysis. Jev
Choice’s probabilities over the three levels, with the
NA probability removed and the rest renormalized,
give 55.4% exact accuracy when read by Score’s
rule, the rounded expected level. Read by argmax,
as Jev Choice runs, they give 56.2%. Jev Score’s
probabilities give 64.6% when read by argmax and
66.7% when read by its own expected level. Un-
der the argmax rule, exchanging the probabilities
accounts for 80% of the 10.5-point difference be-



tween the framings as run. Under the expected-
value rule the share is 107%, because that rule does
slightly worse than argmax on Jev Choice’s proba-
bilities. Averaged over pairs, Jev Choice puts more
probability than Jev Score on “No.” (0.316 against
0.205) and less on “Somewhat.” (0.171 against
0.210) and “Yes.” (0.513 against 0.585). Rounding
the expected level half up or half to even gives the
same 55.4%.

What Score computes. The vendor documenta-
tion states that for Score “every level is evaluated
separately”” and that the model does not see a level’s
number or its neighbors. It also describes Score’s
levels as weak in numerical calibration.? Score’s
expected level thus weights the level numbers by
probabilities obtained from level descriptions eval-
uated one at a time. We do not read Jev Score’s
advantage as interpolation along an ordered scale.
The exchange above places the difference in the
two primitives’ probabilities for the same pairs, and
it says nothing about how those probabilities arise.

Disagreements on ELLIPSE. Jev Choice and
Jev Score give different levels on 215 of ELLIPSE’s
1,548 pairs and never differ by more than one level.
Jev Score’s level is the higher one on 179 of the
215. On the 215 disagreements Jev Choice is exact
on 8.4% and Jev Score on 21.9%. Because every
judge places ELLIPSE essays below their labels
(Section 5.1), the framing that answers one level
higher gains exact accuracy on its disagreements.

Rounding of Jev Score. Score returns an ex-
pected level on levels numbered from 0, which Jev
Score rounds half to even (Section 3.1), whereas
the labels round halves up (Section 3.3). Of Jev
Score’s 3,414 answers on the ordinal panels, 27 are
exact halves, and the two rules give different levels
on 12 of them. Ten lie halfway between the first
and second level and two halfway between the third
and fourth, where half to even rounds down. The
other 15 halves lie between the second and third
level, where both rules round up.

Embedded binary answers. Jev Choice and Jev
Score obtain their Jev Noul verdicts on embed-
ded binary pairs (Section 3.1) in separate requests.
These verdicts differ on 4 of the 364 pairs and
change a panel’s binary accuracy only on USR-PC
(Table C3f).

Shttps://docs. typesafe.ai/primitives/score and
https://docs.typesafe.ai/model-jaggedness/jev-1.
13.
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F Abstention

Where Jev Choice abstains. Jev Choice’s 28 ab-
stentions, among 3,414 ordinal pairs (Table F1),
fall into three groups. The largest, 17 FED-
Dialogue error_recovery pairs, is discussed be-
low. The eight HelpSteer2 correctness pairs are
mostly responses with little checkable factual con-
tent: two answer a request for “a long list of wacky
and wild superpowers”, one is the reply “You're
welcome! I'm glad I could help.”, three offer emo-
tional support, and one is a role-play reply. The
remaining response, a blog outline naming brew-
eries in Rogers, Arkansas, does contain checkable
facts. Six of the eight are labeled with the top level,
“All pertinent facts are included and the response
contains no errors.” HelpSteer2’s annotators had
no abstain option. The last group holds three pairs.
Two LFQA factuality answers, both written by
Reddit users, make no factual claim (one is a one-
line joke, the other advice to search before post-
ing). A USR-PC engaging response, “why did you
choose pink out of all colors ?”, can be assessed
and was labeled “Interesting”, the top level.

Raters’ N/A answers. FED offered its raters
an N/A answer on every question. On
error_recovery (“The system is able to recover
from errors that it makes.”), the one criterion on
which they often gave it, 29 of the 125 sampled rat-
ings (23.2%) are N/A answers, most of them with a
note that the system made no error. The more N/A
answers a dialogue received, the more probability
Jev Choice put on the NA option (Figure F1; Spear-
man p = 0.62 over 25 dialogues, p = 9 x 10™%).
Jev Choice abstained on all 7 dialogues with two
or more N/A answers, on 7 of the 8 with one, and
on 3 of the 10 with none. Of the 17 dialogues
it abstained on, 3 are labeled “Somewhat.” and
14 “Yes.” Its mean probability on the NA option
is 0.57 on error_recovery, 0.11 on HelpSteer2
correctness, 0.023 on LFQA factuality, and
below 0.02 on each of the other 32 ordinal criteria.
These three criteria hold 27 of its 28 abstentions.
Because abstentions leave the denominator (Sec-
tion 3.4), Jev Choice’s FED-Dialogue exact accu-
racy rests on 208 ordinal pairs and Jev Score’s on
225.

Other judges. Most of each LLM judge’s absten-
tions are on FED-Dialogue, nearly all of those on
error_recovery, and most of them fall on pairs
where Jev Choice also abstained (Table F1 gives


https://docs.typesafe.ai/primitives/score
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Jev ..

Panel Choice Luna Gemini DeepSeek
RiceChem 0 0 0 0(1)°
HealthBench 0 0 0 0
ELLIPSE 0 0 0 14)
FED-Turn 0 0 0 1
FED-Dialogue 17 11 21 14
HelpSteer2 8 0 5 2(1)
LFQA 2 1 1 5(1)
USR-TC 0 0 2 1
USR-PC 1 0 0 0
Ordinal total 28 12 29 24 (6)
FED-Dialogue

on error_recovery 17 11 20 14

Jaccard index - 0.56 0.73 0.72

Table F1: Abstentions per judge and panel, with judge-
call failures in parentheses. An abstention is a choice
of the NA option on an ordinal criterion or a CAN-
NOT_ASSESS verdict on a binary one; the LLM
judges’ counts on the ordinal panels include their CAN-
NOT_ASSESS verdicts on embedded binary criteria.
Jev Score has no abstain option and is omitted. All
failures are empty DeepSeek responses; on the ordinal
panels they are excluded from every metric. “Counted
as UNMET verdicts (Appendix A). Bottom: FED-
Dialogue abstentions on error_recovery, and the Jac-
card index between each LLM judge’s FED-Dialogue
abstentions (all criteria) and Jev Choice’s.
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Figure F1: FED-Dialogue error_recovery: Jev

Choice’s probability on the NA option for each of the
25 sampled dialogues, against the number of its five
crowd workers who answered N/A, with markers of
equal count spread sideways. Filled markers are the 17
dialogues on which Jev Choice abstained and hollow
markers the 8 it answered (Spearman p = 0.62 between
the probability and the number of N/A answers).
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the Jaccard indices). On HelpSteer2 four of Gem-
ini’s five abstentions are pairs on which Jev Choice
also abstained.

The conditional label. Jev Choice answered the
other 8 error_recovery dialogues, chose “No.”
on each, and was wrong every time. Four of them
carry the label “Somewhat.” and four the label
“Yes.” The label on this criterion averages only the
numeric ratings. Because most N/A answers report
that no system error occurred, the numeric ratings
likely come mainly from raters who saw an error to
recover from. If so, the label rates recovery under
a condition that the criterion text does not state.

Two kinds of abstain option. The binary and or-
dinal panels offered different abstain options, and
Jev Choice used only the second. On the binary
panels the option was CANNOT_ASSESS, whose
definition in Table A2 describes the evidence avail-
able to the judge and asks for rare use, and no judge
chose it there (Appendix D). The ordinal panels of-
fered the NA option instead, whose wording can
also describe the pair itself, a criterion that does
not apply to the unit. Jev Choice’s abstentions fall
mostly on pairs where that second reading fits. The
two options also differ in the instruction to use the
option rarely, in scale type, and in panel, so this
contrast does not isolate the wording. Offering one
wording on both kinds of panel would separate the
wording from these differences, and no such run
was made.

G The Offset in Detail

Criteria far below the reference. Figure Gl
plots, criterion by criterion, the relation be-
tween offset and gap of Section 5.1. The
shortfall is concentrated in a minority of crite-
ria: with cut-offs chosen only to describe the
pattern, 12 of the 31 lie more than 15 points
below the reference, and 11 of these have a
mean offset below —0.5 levels. They are the
five ELLIPSE traits other than cohesion; FED-
Dialogue depth, error_recovery, informative,
and inquisitive; FED-Turn interesting; and
USR-PC engaging. The twelfth, FED-Turn
engaging, has a mean offset of —0.34 levels. Con-
versely, none of the 15 criteria whose mean offset
lies within 0.3 levels of zero is more than 6 points
below the reference (the shaded band of Figure G1).
The four matched judges also agree on the sign of
the offset: all four offsets are negative on 25 of the



cohesion syntax vocabulary phraseology grammar conventions
(a) Exact accuracy and QWK against the label
exact QWK exact QWK exact QWK exact QWK exact QWK exact QWK
Jev Choice 39.1  0.29 194  0.21 74  0.06 7.8 0.10 0.4 0.10 6.6 0.15
Jev Score 40.7  0.29 19.8 0.19 7.8 0.07 8.5 0.08 39 0.11 11.2 0.10
Luna 44.6  0.21 132 0.21 120 0.10 7.8 0.12 1.6  0.06 5.4 0.11
Gemini 399  0.26 322 032 29.5 0.25 24.8 0.30 19.0 0.23 33.7 0.40
DeepSeek 358 0.31 19.8 0.19 9.7 0.13 7.5 0.13 3,5 0.10 14.0 0.09
Rater reference 453 044 52.7  0.52 60.1 0.54 51.2 0.53 504 049 48.4 0.46
(b) Offset in levels
label mean label mean label mean label  mean label mean label  mean
Jev Choice -0.62 —-0.36 —1.06 —0.83 —1.28 —1.08 —-1.38 —1.14 —-1.77 —1.54 -1.36 —1.12
Jev Score -0.59 -0.32 -097 -0.73 -1.25 -1.06 -1.31 -1.07r -1.60 —1.37 —1.21 —-0.97
Luna -0.52 -0.26 -1.14 -091 -1.19 -0.99 -—-1.40 -1.16 -1.95 —1.71 —1.46 -—-1.22
Gemini -0.62 —-0.35 -0.76 —0.53 —-0.77 —0.58 —0.80 —-0.56 —0.99 —0.76 —0.70 —0.46
DeepSeek -0.58 -0.31 —-1.06 —0.83 —-1.18 —0.98 —-1.35 —-1.12 —-1.59 —1.35 —1.22 —-0.99
(c) Use of the ends of the scale
Ll I4-5 LI [4-5 Ll [4-5 Ll L4-5 Ll [4-5 Ll 14-5
Jev Choice 5 0.0 48 0.4 2 0.0 44 0.0 149 0.0 57 0.4
Jev Score 2 2.3 8 0.4 1 0.0 17 0.0 104 0.0 14 0.0
Luna 2 0.8 44 0.0 16 0.0 55 0.0 192 0.0 67 0.0
Gemini 3 0.8 6 2.7 1 0.4 7 2.7 9 0.4 4 5.8
DeepSeek 14 9.3 53 6.2 13 3.9 63 1.2 128 3.1 19 1.6
Individual ratings 3 277 3 225 1 267 2 26.2 1 234 1 25.6
Labels - 407 - 326 - 38.0 - 37.6 - 341 - 34.9
(d) Slope of the predicted level on the label level
Jev Choice 0.36 0.49 0.14 0.27 0.39 0.39
Jev Score 0.35 0.36 0.18 0.18 0.35 0.22
Luna 0.21 0.52 0.24 0.34 0.24 0.30
Gemini 0.32 0.50 0.37 0.46 0.38 0.54
DeepSeek 0.48 0.51 0.32 0.38 0.34 0.19
Rater reference 0.44 0.52 0.54 0.53 0.49 0.46

Table G1: ELLIPSE by trait for the four matched judges, Jev Score, and the raters. (a) Exact accuracy in percent.
(b) Offset against the rounded label and against the unrounded mean of the two ratings. (c) L1: number of the 258
essays placed at level 1; L4-5: share (%) placed at levels 4-5. The individual-ratings row counts the 516 ratings per
trait, and the labels row gives the share of rounded labels. (d) Least-squares slopes. For the raters, one rating is
regressed on the other with both orders pooled, which makes the slope equal to their QWK. DeepSeek scored 255 to

258 essays per trait.

35 ordinal criteria, HelpSteer2’s included, and all
four are positive on 2.

Leave-one-out and best shifts. Both shifts move
every prediction a judge makes on a criterion, post
hoc, by the whole number of levels that maximizes
its exact accuracy, clipped to the scale. The best
shift picks that number on all of the criterion’s pairs.
The leave-one-out shift of Section 5.1 picks it for
each pair on the criterion’s other pairs, so a pair’s
own label never sets its shift. After the leave-one-
out shift the mean gap no longer tracks the mean
offset (Spearman p = 0.16, p = 0.40; Table G2).
Comparing a shifted judge with the unshifted rater
reference favors the judge where most labels sit
at the top of a three-level scale: a one-level shift,
clipped at the top, then partly amounts to predicting
the top level, which would raise a rater’s agreement
as well.
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Gap measures that ignore location. Table G2
compares the gap measure of Figure G1 with
four that a constant shift cannot move. Neither
ELLIPSE nor error_recovery produces the un-
shifted correlation, which stays at 0.887 with-
out ELLIPSE (25 criteria) and at 0.918 without
error_recovery. None of the four other mea-
sures correlates significantly with the mean off-
set. After the best shift, the 12 criteria far be-
low the reference lie between 1.1 points below it
and 13.8 points above, and the six ELLIPSE traits,
whose raters need no shift (Constant shift, below),
range from 1.1 points below it (vocabulary) to
5.6 points above. On top-heavy three-level scales
a rater’s best shift is often not zero. For FED-
Turn fluent it raises the reference from 70.9%
to 87.2%. The Both shifted row, which shifts
judges and raters alike, is therefore the like-for-
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Figure G1: Mean offset of the four matched judges
(whiskers: their range) against their mean gap (Sec-
tion 3.4), for each of the 31 criteria that have a rater ref-
erence. Marker shape gives the panel, the shaded band
marks absolute offsets below 0.3 levels, and the gray
guide bounds the region with a mean offset above —0.5
levels and a gap below —15 points, which holds only
FED-Turn engaging. FED-Dialogue error_recovery,
whose label averages one to five raters, is drawn in light

gray.

. Below
Gap p p Min Mean _15/—5
Unshifted 092 1x 107" —56.9 —13.0 12/17
Best shift 0.12 0.51 —25 +74 0/0
Leave-one-out 0.16 040 —8.4 +5.7 0/3
Both shifted —0.16 0.40 —16.2 +0.9 1/4
Spearman 0.18 0.33 —0.09 +0.08 -

Table G2: Five measures of the four matched judges’
mean gap over the 31 criteria of Figure G1 (post-hoc
analysis). p and p: Spearman correlation of the gap
with the mean offset. Min and mean gap in points,
and the number of criteria more than 15 or 5 points
below the reference. Unshifted: exact accuracy as in
Figure G1. Best shift and leave-one-out: the shifts
defined under Leave-one-out and best shifts, chosen on
all of a criterion’s pairs or, for each pair, on the others.
Both shifted: the rater reference also gets its own best
shift. Spearman (below the rule): the judges’ mean
Spearman correlation with the rater mean minus the
rater reference’s, over the 30 criteria where it is defined,
with min and mean as differences of correlations.
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Exact accuracy (%)

Judge All Half- Other Down- Offset vs.

way ward mean
Jev Choice 13.4 6.8 19.3 29.1 —1.01
Jev Score  15.3 6.6 23.0 34.8 —0.92
Luna 14.1 79 19.6 28.6 —1.04
Gemini 298 119 457 57.6 —0.54
DeepSeek 15.0 9.2 20.2 29.6 —0.93

Table G3: ELLIPSE labels and the half-up rounding
rule. Half-way labels are the 725 pairs whose two rat-
ings average to a half level, which the rule rounds up,
and other labels are the remaining 823 pairs (DeepSeek
answered 1,543 pairs in all). The downward column is a
post-hoc analysis that rounds the half-way means down
instead. The last column is the offset in levels against
the unrounded rater mean. The rule adds 0.23 levels to
the pooled label.

like comparison. The four criteria that then stay
more than 5 points short of the shifted reference are
FED-Dialogue informative (—16.2 points) and
diverse, LFQA factuality (—12.7), and USR-
PC engaging. They are the candidates for conven-
tions that a shift of location does not capture, such
as LFQA’s absolute top level (Appendix H). On the
other 27 criteria the shifted judges are at most 5
points below the shifted reference.

Direction of the errors. Jev Choice places 86.1%
of its ELLIPSE predictions below the label and
0.5% above it. Nearly every ELLIPSE error thus
lies below the label: the share is 99.5% for Jev
Choice and between 98.4% and 99.5% for the other
judges, except for DeepSeek at 96.9%. Because
nearly all errors share one sign, Jev Choice’s mean
absolute error (1.256 levels) and the magnitude of
its mean signed error (1.247 levels) differ by less
than 0.01 level.

Traits. Table G1 gives the results by trait. Jev
Score, like the matched judges, is least accurate
on grammar and most accurate on cohesion (Ap-
pendix H). Measured from the two-rating mean
before rounding, every offset is smaller in magni-
tude, by 0.19 to 0.27 levels, which is the amount
by which the half-up rule raises each trait’s labels.

Level usage. Pooled over the six traits, individ-
ual ratings put 25.4% of ratings at levels 4-5,
fewer than the labels’ 36.3%, and no judge places
more than 9.3% of any trait’s predictions there (Ta-
ble Glc). At the bottom of the scale the pattern
reverses. The rounded label is level 1 on one pair
in 1,548, and the individual raters used level 1 on



Topical-Chat PersonaChat
Judge s=0 s=+41 s=0 s=+1
Jev Choice 55.6 472 169 69.5
Jev Score 61.1 43.1 18.3 76.7
Luna 59.7 347  26.7 78.3
Gemini 63.4 40.8 233 80.0
DeepSeek 62.5 375 233 71.7
Rater reference  58.8 - 61.1 -

Table G4: Post-hoc shift on USR engaging. Exact
accuracy (%) with the recorded predictions (s = 0) and
with every prediction moved up one level, capped at the
top level (s = +1). Each judge scored 71 or 72 pairs
on Topical-Chat and 59 or 60 on PersonaChat. The
rater reference is computed on engaging alone, as in
Figure 2b, and is shown unshifted.
Luna

-® Jev Choice -9 Jev Score Gemini -¥ DeepSeek

60
Rater reference

40

20

Exact accuracy (%)

+1 +2

Shift added to every predicted level (post hoc)
Figure G2: ELLIPSE exact accuracy of the five judges,
one line each, when a constant s is added to every pre-

dicted level and the result is clipped to the scale (post
hoc). The dashed line is the unshifted rater reference.

%
100

Jev Choice Gemini Rater vs rater

Label level
L o S

0

1 23 45 1 23 45

Predicted level

1 23 45

Figure G3: Row-normalized ELLIPSE confusion ma-
trices for Jev Choice, Gemini, and one rater against the
other, with the diagonal outlined. Rows are the label
level and columns the predicted level. For the raters,
rows are one rating and columns the other rating of
the same essay and trait, with both orders pooled. The
level-1 rows hold fewer than 20 pairs and are omitted
(hatched).

11 of 3,096 ratings, whereas the judges predicted
it on 30 (Gemini) to 376 (Luna) pairs, on grammar
more than on any other trait.

Compression. The judges compress the scale.
Pooled over the 1,548 pairs, the regression slope of
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Table G1d runs from 0.29 (Jev Score) to 0.44 (Gem-
ini), with Jev Choice at 0.37. The same regression
of one rater’s level on the other’s, over 3,096 or-
dered pairs of ratings, gives 0.50. This slope is
below one because the two raters disagree. It is
not a like-for-like benchmark for the judges, whose
target, the two-rater label, is less noisy than a single
rating. A judge with one rater’s noise would show
a slope above 0.50 against the label, so a compari-
son with 0.50 understates the judges’ compression.
Per trait, the judges’ slopes run from 0.14 to 0.54
and the raters’ from 0.44 to 0.54 (Table G1d). Jev
Choice’s within-one accuracy is 64.3%, and one
rater is within one level of the other on 98.2% of
ratings. For labels of level 3 to level 5, Jev Choice
most often predicts level 2, and Gemini most often
predicts one or two levels below the label (Fig-
ure G3).

Rank order. Averaged over traits, Jev Choice’s
Spearman correlation with the unrounded rater
mean is 0.481, and one rater’s correlation with the
other is 0.483. By this measure Jev Choice ranks
essays about as well as a single rater. As with the
slopes, the comparison favors the judge.

Holistic band. The ELLIPSE sample was strati-
fied by bands of the holistic score (2.5 or below, 3
to 3.5, and 4 or above), which hold 432, 888, and
228 pairs. Every judge’s offset grows more nega-
tive from band to band, from —1.02 levels in the
lowest band to —1.63 in the highest for Jev Choice
and from —0.59 to —1.09 for Gemini. Compres-
sion predicts this pattern. When predictions rise by
less than one level per label level, the offset grows
with the label. The growth is consistent with the
norm-referenced reading of Section 5.2, but it does
not by itself distinguish that reading from other
causes of compression.

Constant shift. Figure G2 plots a post-hoc analy-
sis that moves every prediction by s levels, clipped
to the scale. Every judge’s exact accuracy peaks
at s = +1, at 46.8% (Luna) to 59.6% (Gemini)
against the rater reference’s 51.4%, and falls to at
most 33.5% at s = +2 and below 2% at s = —1.
Mean QWK also peaks at s = +1, at 0.31 to 0.48,
below the rater reference’s 0.50, and Jev Choice’s
rises there from 0.15 to 0.34. Apart from clipping,
a constant shift leaves the regression slopes above
unchanged. The raters’ own best shift on ELLIPSE
is zero, so the shift corrects only the judges’ loca-
tion.



Rounding. Half-up rounding of the labels ac-
counts for about 0.23 levels of Jev Choice’s EL-
LIPSE offset. Table G3 isolates the rounding rule
of Section 3.3. Every judge is less accurate on the
half-way labels than on the others, Jev Choice at
6.8% against 19.3%. Against the unrounded rater
mean, four judges are 0.92 to 1.04 levels low and
Gemini is 0.54 levels low.

Rounding the half-way means down instead, as a
post-hoc analysis, changes the order of two judges.
Jev Choice then overtakes Luna (29.1% against
28.6% exact), and Gemini’s lead over Jev Choice
grows from 16.4 to 28.4 points. The downward
rule lowers each half-way label by one level, which
raises every offset by 0.47 levels (one level times
the half-way share of 46.8%). That is less than the
smallest offset magnitude, Gemini’s 0.77 levels, so
every offset stays negative.

USR engaging. Table G4 gives each judge’s ex-
act accuracy on USR engaging before and after the
post-hoc shift of Section 5.2, Jev Score included.
On PersonaChat every shifted judge exceeds the
unshifted rater reference, a comparison that favors
the judges for the reason given under Leave-one-
out and best shifts. The rater reference’s own best
shift raises it there from 61.1% to 80.0%. Gemini’s
shifted accuracy equals that value, the other four
judges fall 1.7 (Luna) to 10.5 points (Jev Choice)
short of it, and the four matched judges average
5.1 points below it. On Topical-Chat no shift raises
the rater reference or any matched judge. Hold-
ing the criterion text fixed leaves two other differ-
ences between the corpora. Topical-Chat responses
are grounded in facts, which the top level’s text
(“presents an interesting fact”) mentions, and raters
were assigned to contexts in rotation on Topical-
Chat and in fixed triples on PersonaChat.

H Where the Conventions Live

Table H1 lists the candidate conventions of Sec-
tion 5.2, and Table H2 quotes in full the criterion
texts behind its rows.

Natural contrasts. Four natural contrasts in the
panels bear on the candidate conventions. None
was designed as an experiment, and only the first
three hold one factor approximately fixed. The
first varies the judge with the pairs fixed, and the
second varies the corpus with the criterion text
fixed (USR engaging); Section 5.2 reports both,
and Appendix G gives the second in detail. The
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third varies the criterion within a rubric (Contrasts
within a rubric, below). The fourth varies the form
of the criterion, binary or ordinal (Appendix L).

Population norm. Section 5.2 gives the
population-norm reading and the two accounts
that may also contribute. ELLIPSE’s level descrip-
tions are those of the corpus’s English-proficiency
scoring rubric. The judges received those same
descriptions, so a population norm could reach
the raters only through their training. A zero-shot
judge has nothing but the descriptions and our
criterion sentence, which ends “(level 1 = lowest
proficiency, level 5 = native-like facility)” (Ta-
ble H2). Read against native-like writing, “some
errors” would put a learner essay low, so the offset
may reflect this label for level 5 as well as the
missing population. These data do not distinguish
a population norm from the small-error penalty of
LLM essay graders.

The ELLIPSE example of Table H3 is one of Jev
Choice’s confident errors (Appendix J). Both raters
put the essay at level 2 on grammar, and all five
judges put it at level 1. Gemini’s explanation re-
ports errors in nearly every clause, which it matches
to the level 1 description “Errors in grammar and
usage throughout.” The level descriptions give no
base rate, so they do not say how many errors sepa-
rate “throughout” from “many” in essays by grade
8-12 English learners. Rater training on that popu-
lation would supply such a base rate. The judges
lack it and placed this essay one level lower, as the
population-norm account predicts.

Contrasts within a rubric. The third contrast
varies the criterion within a rubric, where the
judges, prompt, and units stay the same. EL-
LIPSE’s best and worst traits differ in what their
level descriptions name. Every judge is most accu-
rate on cohesion, whose level descriptions name
observable devices, and least accurate on grammar,
whose levels differ only by the quantifiers “through-
out”, “many”, “some”, “minimal”, and “few or no’
(Tables H1 and H2). The cohesion trait still car-
ries an offset of —0.52 to —0.62 levels, and with six
traits the level descriptions cannot be distinguished
from other trait differences, such as criterion length
(What does not separate the panels, below). Every
matched judge also agrees best with the HelpSteer2
labels on verbosity, which describes an amount
of detail visible in the response.

’



Panel, criterion

Text the judges received

‘What the labels also encode

Evidence

ELLIPSE
grammar

USR-PC
engaging

FED-Dialogue
depth

LFQA
factuality, top
level

HelpSteer2
correctness

USR-TC
uses_knowledge

“Level 3: Some errors in grammar
and usage.” The criterion sentence
adds “level 5 = native-like facility”.

“Interesting: the response is very
interesting or presents an interesting
fact.” (identical on Topical-Chat)

“The system discusses topics in
depth.”

“Entirely accurate: ... can be relied
upon as a trusted source of
information.”

“All pertinent facts are included and
the response contains no errors.”

“Given the fact the response is
conditioned on, the response uses
that fact well”

Error frequency judged against
grade 8-12 English learners,
learned in rater training

Exact 0.4-19.0% against a
reference of 50.4%; offset —0.99
to —1.95

(population norm)

Interest judged relative to the
responses in the corpus
(corpus-relative standard)

Depth judged by what a chatbot
conversation can offer
(annotation habit)

Top level granted to answers
with errors that the LLM judges
name, in two quoted cases
(annotation habit)

Overall helpfulness, which the
label tracks (annotation habit)

MET when the context has no
fact (annotation habit)

Offset —0.73 to —1.03 on
PersonaChat, —0.01 to —0.31 on
Topical-Chat; a post-hoc +1 shift
gives 69.5-80.0% exact, and a
rater given its best shift 80.0%
Exact 4.0% for every matched
judge (Jev Score 8.0%) against a
reference of 58.4%

Top level for 50 of 120 answers by
the raters and 12 of 118 by Jev
Choice; Jev Choice exact 17.4%
on 23 unanimous pairs, 46.3% on
95 split pairs

Label-helpfulness Pearson

r = 0.94; judge QWK with the
label 0.16-0.30

Raters MET on 18 of 18 _nofact
pairs (17 unanimous); Jev Noul
UNMET on 16

USR-TC “This is independent of whether the Self-contradictory responses Jev Noul MET rate 90.3% against

understandable response is on topic or otherwise failed, a stricter rule than the 68.1%; 17.4-34.8% correct on
well-formed.” text (annotation habit) UNMET pairs

ELLIPSE Level 4: “a range of cohesive none identified; the levels name Every judge’s best trait,

cohesion devices used appropriately such as  observable devices 35.8-44.6% exact against 45.3%;
reference and transitional words” offset —0.52 to —0.62

HelpSteer2 “amount of detail, relative to what  none identified Judge QWK 0.58-0.69, against at

verbosity the prompt asked for” most 0.33 on the other three

attributes

Table H1: Candidate conventions: what the labels encode beyond the criterion text of our rubric versions, quoted
verbatim. The third column is our interpretation of the evidence in the fourth. Ranges span the four matched judges
unless stated, and every shift is a post-hoc analysis. The two rows below the rule are contrasts in which the text
names something observable in the unit.

Annotation habit:

an absolute top level.

LFQA’s raters grant the top factuality level far
more often than Jev Choice does, to 50 of the
120 answers against 12 of the 118 that Jev Choice
scored (Table H1). Table H3 quotes two ChatGPT
answers that two of the three raters placed at the
top level and on which all five judges chose “Par-
tially accurate”. The three LLM judges name the
same false claim in each answer: that LED TVs
create images with light-emitting diodes, and that
an SD card needs no power supply. In both cases
the label departs from the text of the top level, and
the judges reject the top level for the reason its text
gives. HelpSteer2 shows a related pattern at a level
that is neither the top nor absolute. None of the
five judges chose complexity level 4 or 5 in 450
predictions, although the labels put 10 of the 90
responses at level 4.
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Annotation habits on USR-TC. Three of the
twelve sampled USR-TC contexts carry the lit-
eral string _nofact in place of a fact, and the 18
uses_knowledge pairs from these contexts are the
ones counted in Table H1. The LLM judges’ ex-
planations show that they read the string as the ab-
sence of a fact (Table H3). The understandable
criterion text excludes well-formedness from the
judgment. The raters nonetheless marked self-
contradictory responses such as the one quoted
UNMET, and every judge is correct on at most
34.8% of the 23 pairs labeled UNMET.

The USR-TC errors. Jev Choice makes 117 er-
rors on USR-TC, counting its Jev Noul verdicts
on the two binary criteria. Of these, 16 are the
_nofact pairs of uses_knowledge and 17 are
understandable pairs labeled UNMET. Another
63 are ordinal errors on split pairs. The remaining
21 errors (17.9%) are 19 ordinal errors on unani-



Panel and criterion

Criterion sentence, then level descriptions from lowest to highest

ELLIPSE grammar

Criterion. The essay demonstrates strong command of grammar and usage, per the ELLIPSE
English-proficiency analytic rubric’s Grammar trait (level 1 = lowest proficiency, level 5 = native-like
facility).

Levels. Level 1: Errors in grammar and usage throughout. | Level 2: Many errors in grammar and usage.
| Level 3: Some errors in grammar and usage. | Level 4: Minimal errors in grammar and usage. | Level
5: Command of grammar and usage with few or no errors.

USR-TC and Criterion. The response is interesting rather than dull: it engages the reader (for example, by offering an
USR-PC opinion, a thought, or an interesting fact) rather than being generic.
engaging Levels. Dull: the response is generic and dull. | Somewhat interesting: the response could engage the

FED-Dialogue
depth

LFQA
factuality

HelpSteer2
correctness

USR-TC
uses_knowledge

USR-TC
understandable

reader in the conversation (e.g., an opinion or a thought). | Interesting: the response is very interesting
or presents an interesting fact.

Criterion. The system discusses topics in depth.
Levels. No. | Somewhat. | Yes.

Criterion. The information provided in the answer is factually correct and aligns with well-established
information.

Levels. Completely inaccurate: the answer is entirely false or contains significant factual errors. It
contradicts well-established information or provides misleading information. | Partially accurate: the
answer has some correct information but also contains significant inaccuracies or lacks important
details. It requires additional verification or correction. | Mostly accurate: the answer is predominantly
correct and provides relevant information. However, it may still have minor inaccuracies or omissions
that do not significantly impact the overall accuracy. | Entirely accurate: the answer is entirely accurate
and factually correct. It aligns with well-established information, provides clear and precise details, and
can be relied upon as a trusted source of information.

Criterion. The response includes all pertinent facts relevant to the prompt and contains no factual errors.
Levels. Major errors and/or missing pertinent facts; the response cannot be relied on for correctness. |
Several errors or omissions of pertinent facts. | A mix of correct and incorrect or missing content;
correctness is inconsistent. | Mostly correct and complete in its factual content, with at most minor
errors or omissions. | All pertinent facts are included and the response contains no errors.

Criterion. Given the fact the response is conditioned on, the response uses that fact well (rather than not
mentioning or referring to it at all).
Verdicts. MET or UNMET (binary criterion; the LLM judges could also return CANNOT_ASSESS).

Criterion. The response is understandable in the context of the conversation history: a reader can tell
what the person is trying to say (for example, its pronouns and references resolve sensibly). This is
independent of whether the response is on topic or otherwise well-formed.

Verdicts. MET or UNMET (binary criterion; the LLM judges could also return CANNOT_ASSESS).

ELLIPSE
cohesion

HelpSteer2
verbosity

Criterion. The essay demonstrates strong text organization and use of cohesive devices to connect ideas
across sentences and paragraphs, per the ELLIPSE English-proficiency analytic rubric’s Cohesion trait
(level 1 = lowest proficiency, level 5 = native-like facility).

Levels. Level 1: No clear control of organization; cohesive devices not present or unsuccessfully used;
presentation of ideas unclear. | Level 2: Organization only partially developed with a lack of logical
sequencing of ideas; some basic cohesive devices used but with inaccuracy or repetition. | Level 3:
Organization generally controlled; cohesive devices used but limited in type; Some repetitive,
mechanical, or faulty use of cohesion use within and/or between sentences and paragraphs. | Level 4:
Organization generally well controlled; a range of cohesive devices used appropriately such as
reference and transitional words and phrases to connect ideas; generally appropriate overlap of ideas |
Level 5: Text organization consistently well controlled using a variety of effective linguistic features
such as reference and transitional words and phrases to connect ideas across sentences and paragraphs;
appropriate overlap of ideas.

Criterion. The response’s amount of detail, relative to what the prompt asked for, ranging from minimal
to extensive.

Levels. Minimal detail; extremely terse relative to the prompt. | Below the level of detail one would
typically expect for this prompt. | A moderate, middling level of detail. | Above the level of detail one
would typically expect for this prompt. | Extensive, exhaustive detail; highly elaborated relative to the
prompt.

Table H2: Verbatim criterion sentences and level descriptions for the criteria of Table H1, with levels separated by |
and listed from lowest to highest. The NA option (Section 3.1) is not listed. Typography, including capitals inside
a description, is as in our rubric versions (Section 3.3). The HelpSteer2 descriptions paraphrase the benchmark’s
guideline. The two criteria below the rule are the contrast rows of Table H1.
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Convention and Raters and judges Quoted text

criterion

Population norm; Raters: Level 2, Level 2. All five ~ Gemini: “The submission contains pervasive errors in grammar,

ELLIPSE grammar  judges: Level 1 (Jev Choice usage, and sentence structure in virtually every clause [...],
confidence 0.95). matching Level 1.”

Annotation habit, Two ChatGPT answers. Raters on ~ Answer: “LED TVs use light emitting diodes to create images”.

absolute top level;  each: Mostly, Entirely, Entirely DeepSeek: “In reality, LED TVs are LCD TVs with LED
LFQA factuality accurate (label: Entirely accurate). backlighting, not a distinct image-creating technology.”
All five judges on each: Partially =~ Answer: “The SD card operates on a different protocol and doesn’t
accurate. require a power supply.” Gemini: “[...] it contains major factual
inaccuracies by claiming an SD card ‘doesn’t require a power
supply’ and inherently avoids data loss when pulled out.”

Annotation habit; Raters: MET, MET, MET. All five The context ends “Fact: _nofact”. Response: “i ’ve never tried

USR-TC judges: UNMET. one of the longest tennis matches . what do you think of the

uses_knowledge granny shot in tennis ?”” Gemini: “No fact was provided to
condition the response on (‘Fact: _nofact’), so the response does
not use or reference any specified fact.”

Annotation habit, Raters: MET, UNMET, UNMET  Response: “i do n’t watch it but i do n’t really watch it .” Luna:

stricter than the (label: UNMET). All five judges:  “The response is understandable: ‘it’ sensibly refers to Game of
text; USR-TC MET. Thrones, and the speaker clearly says they do not watch it, despite
understandable the redundant repetition.”

Table H3: One quoted pair for the population norm and for three annotation habits. The corpus-relative standard of
USR engaging is a property of the corpus’s rating distribution and has no single-pair example (Table G4). The
explanations are quoted from the LLM judges’ responses, and [...] marks an omission. USR responses are quoted
with the corpus’s tokenization.

Criterion length Unit-length quartile Gap to reference
Unit Exact
Panel Words p(n) words Ql Q2 Q3 Q4 Raters Levels (points) QWK
RiceChem 3-21  —0.26 (27) - - - - - TA 2 - -
HealthBench ~ 7-481 —0.27 (34) - - - - — 2-5 physicians 2 - -
ELLIPSE 27-36  +1.00 (6) 392 164 139 11.2 123 2 trained 5 =379 —-0.34
FED-Turn 4-13  —0.10(7) 9 563 63.0 625 61.4 5crowd 3 -7.6 +0.07
FED-Dialogue 6-13  40.30 (9) 123 375 50.0 67.3 53.0 5crowd 3 —-16.3 40.05
HelpSteer2 15-32 - 215 433 59.3 51.8 40.7 released 5 - -
LFQA 14-33 - 100 694 70.1 66.7 68.8 3 crowd 34 +13.3  +0.09
USR-TC 11-43 — 195 682 653 589 77.8 3researchers 3 +0.3  +0.11
USR-PC 11-43 - 12 738 69.5 682 70.0 3 researchers 3 —-16.2 —0.04

Table H4: Panel properties that might order Jev Choice’s gap to the rater reference (What does not separate the
panels), with that gap in the last two columns. Criterion length: range of criterion words and the Spearman
correlation between a criterion’s length and Jev’s accuracy on it, over n criteria (Jev Noul on RiceChem and
HealthBench, and elsewhere Jev Choice on ordinal criteria only; the ELLIPSE value uses the criterion sentence
alone). Some HealthBench criteria share a text (Appendix A) and so have the same length. Unit words: median
whitespace words per unit. Quartiles: Jev Choice’s accuracy (%) by quartile of unit length, embedded binary
pairs included. Raters: the source of the human label (TA, teaching-assistant annotation; trained essay raters;
crowd workers; dialogue researchers; the released label on HelpSteer2). Gap: Jev Choice’s value minus the rater
reference’s, in points of exact accuracy (Section 3.4) and in mean QWK. A dash marks a value that was not computed
or does not exist.

mous pairs and two other binary errors. They are =~ No-read baselines. Both no-read baselines of
the only errors that fall neither on a split pair nor  Section 3.3 are fitted on the evaluated pairs, and
under a candidate convention, and those conven-  HelpSteer2’s names each attribute’s most frequent
tions were themselves identified from the judges’ level. On two panels such a baseline is competitive
errors (Section 5.2). on exact accuracy. The HelpSteer2 correctness

text asks for a fact check, but its label tracks over-

all helpfulness (Pearson r = 0.94 over the 90 re-
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sponses; Table H1). HelpSteer2’s constant pre-
dictor has a QWK of zero by construction. The
judges that trail it significantly (Section 4.1) do
so with p < 2.1 x 10™* in pair-level sign tests.
The LFQA provenance baseline is most accurate
on amount_info (74.2%) and formality (73.3%)
and least on factuality (56.7%). Without prove-
nance, the modal level of each criterion scores
61.1% over the panel, against the provenance base-
line’s 68.1%. In the pair-level sign tests of Sec-
tion 4.1, every judge’s p against the provenance
baseline is at least 0.27. Every matched judge’s
mean QWK, 0.43 to 0.51, is above the baseline’s
0.28, a difference we did not test.

Label noise. Noise in the labels would concen-
trate the errors on split pairs (Section 5.2), yet
on LFQA factuality Jev Choice errs more of-
ten on unanimous pairs than on split ones: its ex-
act accuracy is 17.4% on the 23 unanimous pairs
and 46.3% on the 95 split pairs (Table H1). Be-
yond ELLIPSE, LFQA factuality, and USR-
TC uses_knowledge, the evidence that the judges
place units lower than the raters do is weaker. On
a three-level scale whose labels are mostly at the
top, a judge that uses fewer levels than the raters
shows a negative mean offset even without placing
units lower. Four panel properties (criterion length,
unit length, rater expertise, and scale width) do not
order the panels by Jev Choice’s gap (see below).
The panel with the largest gap, ELLIPSE, is the
one rated by trained raters, which is weak evidence
against an account based on label quality.

What does not separate the panels. Table H4
gives the four properties named under Label noise
next to Jev Choice’s gap to the reference in exact
accuracy and in mean QWK. The two measures put
Jev Choice on the same side of the reference on
four panels, above it on LFQA and USR-TC and
below it on ELLIPSE and USR-PC. On the two
FED panels Jev Choice is below the reference in
exact accuracy and above it in mean QWK, and
part of this pattern may come from the reference’s
smaller target (Section 3.3).

Within panels, criterion length shows no consis-
tent relation with Jev’s per-criterion accuracy, and
with few criteria per panel the test is weak. The
correlations of Table H4 are not significant on the
binary panels (p = 0.18 on RiceChem, 0.12 on
HealthBench) or on the FED panels (p = 0.83 on
FED-Turn, 0.43 on FED-Dialogue). ELLIPSE is
ambiguous. Its six criterion sentences share one
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template and differ in length by at most nine words,
yet their length orders Jev Choice’s per-trait accu-
racy perfectly (Spearman 1.00). Level-description
length, which ranges from 44 to 133 words, cor-
relates at 0.60 (p = 0.21). With six traits, length
cannot be separated from what each trait’s levels
describe (Table H1).

Unit length has no common effect. By quartile
of unit length, Jev Choice’s accuracy on ELLIPSE
falls from 16.4% in the shortest quartile to 11.2—
12.3% in the two longest, and on FED-Dialogue
it is lowest in the shortest quartile (37.5%). Else-
where it moves by up to 18.9 points without a con-
sistent direction. The ELLIPSE offset also grows
with the holistic band (Appendix G), and this slice
does not separate essay length from essay quality.
Across panels, the three with the shortest units,
FED-Turn, USR-PC, and USR-TC, have gaps that
run from 16.2 points below the reference to 0.3
points above it.

Rater expertise does not order the gaps either.
ELLIPSE, the only ordinal panel with trained raters,
has Jev Choice’s largest gap (see Label noise), but
among the crowd-rated panels the gap runs from
+13.3 points on LFQA to —16.3 on FED-Dialogue
(Table H4).

Scale width changes the chance level of exact
accuracy (Section 3.4), but panels with the same
scale can still differ widely. USR-TC and USR-PC
share their three-level scales and five byte-identical
criterion texts, among them the engaging text of
Section 5.2, and Jev Choice’s gap is +0.3 points
on the first and —16.2 points on the second.

The harness prompt. The first contrast of Sec-
tion 5.2 excludes the harness prompt as the com-
mon cause of the offsets, but its instructions, such
as its rule for self-contradicting submissions (Ap-
pendix A), may still add to the LLM judges’ offsets.
Jev Choice, which never receives them, is nonethe-
less offset further on ELLIPSE than Gemini and
DeepSeek (Table 2). The reluctance to grant high
levels that Section 5.2 leaves open, shared by all
judges, would produce a larger offset where raters
use the top level more, which is the pattern of USR
engaging. The embedded binary criteria rule out
only a general bias toward failing verdicts, because
all judges over-grant MET on understandable.

What the contrasts suggest. How close a judge
comes to the raters appears to depend on what the
raters knew beyond the text the judges read. In
the contrasts within a rubric, ELLIPSE cohesion



and HelpSteer2 verbosity, the judges come clos-
est where a level description points to something
a reader can see in the unit. Where, on our read-
ing, a level’s meaning depends on a population, a
corpus, or an annotation habit, every judge falls
short in the same direction, the best LLM judge
included. Section 7 gives three readings of this
shared shortfall: every judge reads the criterion
text as written, the judges share training priors, or
they share a reluctance to grant top levels. Under
the first, agreement with labels on an ordinal rubric
measures in part whether a judge was given the
raters’ conventions, such as reading ELLIPSE es-
says against the population of learner essays they
come from.

I Confidence

The returned field. The vendor describes the
confidence field that Choice and Score return as
a number computed from how the probabilities
are spread but gives no exact formula for either
primitive. Its interactive demo approximates the
field for three options by (3pmax — 1)/2.* For
Jev Choice the field matches the general form
(Kpmax — 1)/ (K — 1), where ppax is the largest
returned probability and K counts every option,
the NA option included; it is O for a uniform dis-
tribution and 1 when one option receives all the
probability. The largest deviation from this for-
mula is 0.0225 over Jev Choice’s 3,414 answers on
ordinal pairs, with a mean of 0.006, and 0.015 over
the 8,392 binary answers on the full RiceChem set
(Appendix D), where K = 3. These deviations are
larger than two-decimal rounding of the returned
values would produce, so the formula approximates
the field closely without describing it exactly. The
formula does not describe Jev Score’s confidence
(median deviation 0.10, maximum 0.46), which is
used as returned. Noul returns no confidence field,
and the Noul confidence of Section 3.1 is the same
normalization with K = 2. The embedded binary
pairs of the ordinal panels enter every Jev Choice
analysis with this Noul confidence.

Panels. Outside ELLIPSE, Jev Choice’s error
rate falls between the 0.25-0.5 band and the top
band on every panel, by 13.3 to 39.6 points (Ta-
ble I1a), and the three largest falls are on FED-
Turn, LFQA, and USR-TC. On ELLIPSE, where
the error rate is flat across bands (Section 6.1), con-
fidence is also unrelated to the size of the error

*https://docs. typesafe.ai/confidence.

35

(Spearman —0.03 between confidence and abso-
lute level error, p = 0.23, over 1,548 pairs). The
lowest band is small on every panel and holds a
single pair on ELLIPSE and on LFQA.

Criteria. Read post hoc, the criterion-level
AUROCs of Table Ile show where confidence
fails inside a panel whose errors it otherwise
ranks. The AUROC is below 0.45 on five cri-
teria with at least five pairs in each outcome:
ELLIPSE phraseology and conventions, FED-
Turn interesting, FED-Dialogue informative,
and LFQA factuality. All five carry a nega-
tive offset for Jev Choice, from —0.58 levels on
factuality to —1.38 on phraseology, which
suggests that confidence fails where Jev Choice
errs mostly in one direction. It does not fail on
every such criterion: on ELLIPSE vocabulary,
where Jev Choice’s offset is —1.28 levels, the AU-
ROC is 0.62. LFQA factuality, with an AU-
ROC of 0.41 against 0.70 for its panel, also concen-
trates the panel’s errors. Jev Choice is wrong on
59.3% of its 118 pairs, against 18.3% and 16.7%
on the panel’s other two criteria. On USR-PC
engaging (AUROC 0.52), 83.1% of Jev Choice’s
verdicts on the 59 pairs are wrong at a mean con-
fidence of 0.72, and the error rate is flat over the
three occupied bands. Without engaging, USR-
PC’s error rate falls steeply with confidence (Ta-
ble I1a). Confidence ranks errors well on Help-
Steer2 correctness (AUROC 0.76), a criterion
whose labels follow overall helpfulness (Table H1).

Jev Score. Jev Score’s error rate is lower in the
top band than in the lowest on six panels and
rises between the two upper bands on ELLIPSE
(Table 11b). On FED-Turn’s ordinal pairs, Jev
Score’s most confident quarter is 86.3% exact
against 66.7% overall, and Jev Choice’s 71.0%
against 56.2%. These values exclude the embedded
binary pairs, which Table I1d includes.

Most confident pairs. Table I1d restricts Jev
Choice to the 25%, 50%, and 75% of pairs on
which it is most confident. At 25% coverage accu-
racy is 9.8 to 20.2 points above the full-coverage
value on five panels, 3.2 points above on FED-
Dialogue, and 1.0 point above on ELLIPSE. These
accuracies include the embedded binary pairs, so
on the FED and USR panels the full-coverage col-
umn differs from Table 2.

Binary panels. No calibration error is computed
for the ordinal panels. On the binary panels, the


https://docs.typesafe.ai/confidence

Confidence band

Panel [0, 0.25) [0.25,0.5) [0.5,0.75) [0.75, 1] AUROC

(a) Jev Choice error rate, % (pairs)

ELLIPSE 100.0 (1) 85.8 (654) 87.1 (697) 87.2 (196) 0.489

FED-Turn 52.8 (36) 62.8 (137) 45.5 (121) 23.2 (306) 0.698

FED-Dialogue 60.0 (10) 58.7 (63) 46.6 (58) 41.2 (102) 0.569

HelpSteer2 88.9 (27) 54.5 (132) 48.1(79) 41.2 (114) 0.639

LFQA 100.0 (1) 43.8 (73) 49.6 (113) 13.5 (171) 0.703

USR-TC 39.1 (23) 47.2 (89) 36.6 (101) 19.7 (147) 0.638

USR-PC 52.2 (23) 41.9 (62) 32.1 (81) 18.8 (133) 0.634
engaging only - 81.8 (11) 85.7 (21) 81.5(27) 0.523
without engaging 52.2 (23) 33.3(51) 13.3 (60) 2.8 (106) -

(b) Jev Score error rate by its own confidence, % (pairs)

ELLIPSE - 60.0 (5) 82.2 (1,066) 90.6 (477)

FED-Turn 48.0 (102) 44.9 (136) 30.8 (104) 13.2 (258)

FED-Dialogue 66.7 (42) 59.4 (69) 53.6 (56) 18.1 (83)

HelpSteer2 85.7 (42) 83.0 (53) 50.3 (143) 39.3 (122)

LFQA 66.7 (6) 50.0 (62) 42.5(113) 14.5 (179)

USR-TC 33.3 (39) 40.6 (96) 33.7 (86) 19.4 (139)

USR-PC 51.6 (31) 45.1 (71) 24.4 (78) 19.2 (120)

(c) Repeated errors, observed/independence baseline, % (Jev Choice errors); last column, all errors

ELLIPSE 33.3/67.9 (1) 55.7/49.1 (561) 64.0/55.8 (607) 80.5/63.7 (171) 62.6/54.0

FED-Turn 24.6/24.8 (19) 48.4/33.9 (86) 55.5/39.1 (55) 85.9/43.7 (71) 59.7/37.4

FED-Dialogue 5.6/11.3 (6) 52.3/32.2 (37) 62.0/46.5 (27) 85.7/58.3 (42) 64.8/44.4

HelpSteer2 27.8/13.1 (24) 44.6/22.3 (72) 65.8/26.6 (38) 89.4/41.1 (47) 58.5/26.9

LFQA 0.0/38.9 (1) 52.1/28.2 (32) 67.1/31.9 (56) 92.8/43.4 (23) 67.5/33.3

USR-TC 63.0/53.4 (9) 48.4/35.2 (42) 66.4/36.9 (37) 87.2/33.6 (29) 64.8/36.8

USR-PC 27.8/15.6 (12) 32.1/24.8 (26) 70.5/48.7 (26) 85.3/54.6 (25) 57.7/38.9

(d) Jev Choice accuracy on its most confident pairs, %

Share of pairs top 25% top 50% top 75% all
ELLIPSE 14.5 13.2 12.3 134
FED-Turn 78.0 76.7 69.1 61.5
FED-Dialogue 55.2 57.8 543 51.9
HelpSteer2 60.2 56.8 54.5 48.6
LFQA 88.9 84.4 73.9 68.7
USR-TC 82.2 78.3 70.7 67.5
USR-PC 80.0 79.3 74.6 70.2

(e) Jev Choice AUROC by criterion

ELLIPSE cohesion 0.502, syntax 0.562, vocabulary 0.615, phraseology 0.404, grammar 0.000*, conventions
0.227
FED-Turn interesting 0.392, engaging 0.565, specific 0.605, relevant 0.742, correct 0.625,

semantically_appropriate 0.576, fluent 0.806, understandable 0.980*
coherent 0.611, diverse 0.699, depth 0.542%, 1ikeable 0.931, understanding 0.901, flexible 0.670,
informative 0.335, inquisitive 0.562, consistent 0.790

FED-Dialogue

HelpSteer2 correctness 0.756, coherence 0.640, complexity 0.569, verbosity 0.492

LFQA factuality 0.413, formality 0.667, amount_info 0.689

USR-TC understandable 0.767, natural 0.622, maintains_context 0.629, engaging 0.565, uses_knowledge
0.692

USR-PC understandable 0.884, natural 0.766, maintains_context 0.796, engaging 0.523, uses_knowledge
0.895

Table I1: Jev’s confidence on the ordinal panels. (a) Jev Choice’s error rate by confidence band, with the number of
pairs in parentheses, and the AUROC of confidence for Jev Choice’s correctness; USR-PC is also split by criterion.
(b) Jev Score’s error rate by Jev Score’s own confidence. (c) Repeated errors as a share of the LLM verdicts on
Jev Choice’s wrong pairs, then the independence baseline, both as defined in Section 5.3, with the number of Jev
Choice errors in parentheses. The baseline is undefined for three verdicts each on ELLIPSE and HelpSteer2, whose
combination of criterion and label occurs on no other pair. (d) Jev Choice’s accuracy on its most confident pairs,
with ties broken by unit and criterion. (e) AUROC for each criterion with at least 25 answered pairs and at least one
pair of each outcome; * marks criteria with fewer than five pairs in the smaller outcome, whose AUROC rests on too
few pairs to interpret. Embedded binary pairs are included in (a) to (e).
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LLM Ex- Same Unan.
Panel Conf.

repeats pected answer raters
ELLIPSE 0.89-0.95 33 17.9 10
FED-Turn 0.98-1.00 35 15.3 11

FED-Dialogue 0.97-0.99 36 276 12

— WO | oo

HelpSteer2 0.90-0.99 35 16.6 11
LFQA 0.94-1.00 36 185 12
USR-TC 0.89-0.99 32 11.8 9
USR-PC 0.92-1.00 35  19.0 11
Total 242 126.7 76
HealthBench - 32 10.0 - 11

Table J1: The confident-error sample (Section 5.3).
Conf.: range of Jev Choice’s confidence over the 12
errors of a panel. LLM repeats: verdicts of Luna, Gem-
ini, and DeepSeek that equal Jev’s wrong answer, out
of 36 per panel, and Expected: the number the indepen-
dence baseline predicts. Same answer: errors on which
all five judges give Jev Choice’s answer, out of 12. Unan.
raters: errors whose raters all gave the same level, out
of 12 (undefined for HelpSteer2, which releases a sin-
gle label). HealthBench: the separately sampled errors
described below, with physician unanimity.

ECE column of Table D1 and Figure D1a give the
calibration of P(IMET) (Appendix D).

J Repeated Errors and Juries

Sampling rule. The pool is every pair Jev Choice
answered wrongly, abstentions excluded, with con-
fidence as in Appendix 1. Pairs are sorted by confi-
dence, highest first, with ties broken by unit iden-
tifier and then by criterion name. The sample
holds 84 errors, 83 on ordinal pairs and one on
an embedded binary pair, a _nofact pair of USR-
TC uses_knowledge. On four panels (ELLIPSE,
FED-Turn, HelpSteer2, and USR-TC) one further
error shares the twelfth-highest confidence value
and falls outside the sample. Selecting the tied er-
rors in the order the pairs are stored gives the same
LLM repeat counts on every panel.

Repeated errors. Luna repeats 81 of the 84 er-
rors, Gemini 80, and DeepSeek 81 (Table J1 gives
the panels). Under the independence baseline the
three would repeat 126.7 of their 252 verdicts.
The expected count per panel is highest on FED-
Dialogue, 27.6 of 36, and lowest on USR-TC, 11.8.
Jev Score gives Jev Choice’s answer on all 84, but
it is the same model asked a different question, so
it is not counted as corroboration.

Composition. In all 12 ELLIPSE errors Jev
Choice put the essay at level 1 (eight on grammar,
three on syntax, and one on conventions), and

all five judges give that level on 10 of them. Nine
of these labels are level 2 and three are level 3. The
two raters agreed on six, each time at level 2, and
the other six labels are half-way means that the
half-up rule rounded up, from ratings of 1 and 2
on three errors and of 2 and 3 on the other three.
Every FED-Dialogue error is a “No.” prediction
shared by all five judges, eight of them on depth,
and 11 of the 12 FED-Turn errors are “No.” pre-
dictions too. The five judges also agree on each
of the 12 LFQA errors, ten on formality and two
on amount_info. On USR-PC the errors are 12
engaging pairs on which Jev Choice chose “Dull”
against a label of “Somewhat interesting” (nine) or
“Interesting” (three). One of them has unanimous
raters, and so do three USR-TC errors, the _nofact
pair among them. Five HelpSteer2 coherence er-
rors lie one level above the label, where all five
judges chose the top level, “Fully clear and inter-
nally consistent throughout.”

Split and unanimous pairs. Two readings could
explain why the LLM judges repeat these errors.
In the first, Jev’s confidence measures how clearly
the criterion text, applied to the unit, points to one
answer, so LLM judges given the same text reach
that answer as well and all miss a label that departs
from it. In the second, the errors sit on pairs whose
raters disagreed, and some of the apparent repeats
reflect that disagreement. The last column of Ta-
ble J1 leaves the second reading open for most of
the sample: on the six panels with several raters
per pair, only 10 of the 72 errors have unanimous
raters, and none of the FED or LFQA errors has.
That reading cannot apply to those ten, the USR-
TC _nofact pair among them, or to HealthBench,
whose physicians were unanimous on 11 of its 12
sampled errors.

When every matched judge is wrong. Table J2
also gives, over every ordinal pair the four matched
judges all scored, the share on which all four are
wrong. Apart from ELLIPSE (Section 5.1), it is
17.2% to 31.5%. Of the panels with a rater ref-
erence, ELLIPSE is also the only one on which
choosing a correct judge wherever one exists falls
short of that reference.

Repetition in every band. The sample covers
only the most confident errors. For all of Jev
Choice’s errors, Table I1c gives the shares of re-
peated errors by band, which Figure 3b plots, next
to their independence baseline. The baseline rises



Most accurate matched judge Median of three LLM judges Median of four judges
Panel Judge Acc. A 95% interval A lower A upper All wrong
RiceChem Jev Choice 81.0 —2.8 —54,-0.1 —2.3 0.0 -
HealthBench Gemini 79.6 —-2.2 —-4.7,40.2 —2.2 —-0.7 -
ELLIPSE Gemini 299 -—12.8 -14.8,-10.7 —-17.7 —10.8 64.0
FED-Turn Gemini 65.3 —-0.2 -3.0,+2.5 —2.7 +0.8 22.7
FED-Dialogue Gemini 60.5 -3.1 —74,+1.7 —8.8 0.0 30.5
HelpSteer2 Gemini 54.4 —-8.0 -—12.1,-4.0 -9.5 —0.6 31.5
LFQA Luna 715  —-2.0 -5.1,+1.1 —-2.8 —0.6 17.8
USR-TC Gemini 70.9 0.0 —2.5,42.5 —0.6 —-1.1 17.2
USR-PC Gemini 746 0.7 —2.7,41.3 -1.3 +1.0 24.0

Table J2: Median juries on the pairs all four matched judges scored with a verdict (post-hoc analysis). Most accurate
matched judge: as in Section 6.2, with its accuracy (%). A: jury accuracy minus that judge’s, in points, with the
three-judge median’s 95% interval over resampled units. All wrong: share (%) of the ordinal pairs on which all four
matched judges are wrong, so that picking a correct judge on every pair where one exists would reach 100 minus

this value.

with confidence on several panels, from 49.1% in
the 0.25-0.5 band to 63.7% in the top band on
ELLIPSE and from 24.8% to 54.6% on USR-PC.
Part of the rise in Figure 3b therefore follows from
each LLM judge’s own tendencies given the crite-
rion and the label. The excess over the baseline is
nonetheless largest in the top band on every ordinal
panel (Table I1c). Two variants leave the rise with
confidence intact. Restricting the count to ordinal
pairs changes the top band only on USR-TC, to
83.3%, but lowers USR-TC’s 0.5-0.75 band from
66.4% to 58.3%, because the LLM judges also give
Jev’s answer on its embedded binary errors there.
It moves no other band of Figure 3b by more than
4.0 points. Counting LLM abstentions and judge-
call failures as non-repeats lowers no band by more
than 1.9 points.

HealthBench. HealthBench’s confident errors
were selected by a different rule and are reported
separately. They are Jev Noul’s six false positives
with the highest probability of yes, from 0.91 to
0.96, and the six false negatives with the lowest,
from 0.08 to 0.12. The three LLM judges give Jev’s
answer in 32 of their 36 verdicts on them, against
10.0 that the independence baseline expects (Ta-
ble J1): Luna in 11, Gemini in 10, and DeepSeek
in 11. Over all 92 of Jev Noul’s HealthBench er-
rors the three LLM judges repeat 55.8% of their ver-
dicts, against a baseline of 27.5%. For Jev Choice’s
errors the shares are 58.4% and 27.1%.

Juries. The most accurate matched judge of Ta-
ble J2 is the best single judge of the cascades (Sec-
tion 6.2) on eight panels; on FED-Turn that role
goes to Jev Score, which is not a matched judge.

A median of four levels is not unique when the
four judges split evenly, which happens on 7.4%
to 22.9% of a panel’s pairs. We therefore score
the four-judge jury with both the lower and the
upper median, so that the tie rule favors no judge
(Table J2). The upper median is the most accurate
of the three juries on every panel except USR-TC.
Its best result, on USR-PC, is 1.0 point above the
most accurate matched judge, with an interval of
—2.3 to +4.3 points. Restricted to ordinal pairs,
the three-judge median is above that judge only on
USR-TC, by 1.4 points (interval —2.8 to 4+-5.1). Of
the two confident errors on which the three-judge
median does not give Jev’s answer (Section 6.2), it
gives the label on a USR-TC pair and a third level
on an ELLIPSE pair. The four-judge lower median
is right on none of the 84 confident errors and the
upper median on one.

K Cascades

Threshold rules. The replay uses the cascade
and the framings of Section 6.2. On the ordinal pan-
els 7 runs from O to 1 in steps of 0.05. The binary
panels defer a pair when its margin | P(yes) — 0.5/,
half the Noul confidence of Section 3.1, is below
7, which runs from 0 to 0.5 in steps of 0.02. Ap-
pendix C describes the pair set, and Jev’s verdict is
also kept where the fallback’s request failed. For
each fallback, the reported oracle threshold is the
7 with the highest accuracy, with ties going to the
lower deferred share. A panel’s best cascade is the
one whose fallback, at its oracle threshold, gives
the highest accuracy (bold in Table K1). Its fall-
back is Gemini on every panel but LFQA, where it
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Accuracy (%) Cost

Deferred vs. Cascade Fallback Ratio Reach 7 = 0.75

Panel Fallback T (%) Cascade Jev Fallback fallback ) $ (%) (%) (%)
RiceChem Luna 0.00 0.0 80.1 80.1 77.8 +2.3 0.006 0.284 2.0 0.0 -
Gemini 0.12 12.1 80.6 80.1 76.1 +4.5 0.286 2.321 123 0.0 -

DeepSeek 0.12 12.1 80.5 80.1 79.2 +1.2 0.052 0.382 13.5 0.0 -

HealthBench  Luna 0.16 222 80.0 77.3 704  4+9.6  0.062 0226 275 0.0 -
Gemini  0.22 335 81.5 71.3 796 4+2.0  0.535 1.560 343 16.7 -
DeepSeek 0.12 16.7 80.3 77.3 764  +3.9  0.071 0.349 20.2 0.0 -

ELLIPSE Luna 0.75 87.3 14.1 134 14.1 +0.1 0.626 0.690 90.8 80.6 14.1
Gemini  0.95 99.9 29.8 134 29.8 0.0  9.469 9.457 100.1 999 28.0
DeepSeek 0.60 66.4 152 134 15.1 +0.1 1.270 1.877 677 664 14.7

FED-Turn Luna 0.80 55.7 63.2 61.5 62.5 +0.7  0.072 0.125 57.8 385 62.5
Gemini 0.75 49.0 65.5 61.5 652  +0.3  0.804 1.636 492 490 65.5
DeepSeek 0.75 49.0 64.3 61.5 63.7 40.7  0.118 0234 50.1 253 64.3

FED-Dialogue Luna 0.55 38.6 549 51.9 51.5 +3.4  0.026 0.065 40.3 0.0 532
Gemini 1.00 99.6 59.7 51.9 59.7 0.0 0.822 0.825 99.7 99.6 579

DeepSeek 0.25 4.3 53.2 519 502 43.0  0.009 0.181 4.9 0.0 51.1
HelpSteer2 Luna 0.30 14.5 51.1 48.6 384 +12.8  0.029 0.163 17.6 0.0 41.8
Gemini  0.50 45.2 54.8 48.6 54.3 +0.6  0.660 1.450 455 30.1 54.8
DeepSeek 0.30 14.5 50.9 48.6 46.3 +4.5  0.052 0.324 16.0 0.0 474
LFQA Luna 0.75 522 72.1 68.7 71.5 +0.6  0.063 0.112 56.7 344 72.1
Gemini  0.00 0.0 68.7 68.7 67.6 +1.1  0.005 1266 04 0.0 67.9
DeepSeek 0.00 0.0 68.7 68.7 65.1 +3.6  0.005 0.271 1.8 0.0 65.9
USR-TC Luna 0.90 80.8 68.6 67.5 67.8  4+0.8  0.086 0.103 84.0 38.1 68.3
Gemini 0.75 59.2 70.8 67.5 706  +0.3  0.717 1.206 594 592 70.8
DeepSeek 0.00 0.0 67.5 67.5 66.1 +1.4  0.003 0200 1.6 0.0 65.8
USR-PC Luna 0.55 324 74.9 70.2 742 407 0.027 0.077 357 284 73.6

Gemini  0.50 28.4 75.9 70.2 74.6 +1.3  0.249 0.866 28.7 10.0 75.9
DeepSeek 0.35 13.0 72.9 70.2 69.9 +3.0  0.022 0.147 147 0.0 70.2

Table K1: Cascade ledger for every panel and fallback judge (post-hoc analysis with oracle thresholds). Deferral
follows the threshold rules below. Accuracies are over the cascade’s pair set, embedded binary pairs included. vs.
fallback: cascade minus fallback alone, in points, computed from unrounded accuracies. Cost: Jev’s cost plus the
deferred share of the fallback’s panel cost, a linear estimate, with DeepSeek priced at the harness’s estimate for the
binary panels and at its billed cost for the ordinal panels; ratio: the cascade’s cost divided by the fallback’s. Reach:
the smallest deferred share at which the cascade matches its fallback alone; Reaching the fallback, below, gives the
cost of these matches for each panel’s best LLM judge. 7 = 0.75: cascade accuracy at that fixed threshold on the
ordinal panels. Bold: the fallback of each panel’s best cascade.

Kept pairs Deferred pairs
Jev Fallback . Jev Fallback .
Panel Fallback T (%) (%) J:F(p) n (%) (%) J:F(p)
RiceChem Gemini 0.12 720 83.2 78.1 63:26(1 x 107%) 99 57.6 61.6 25:29 (0.68)
HealthBench ~ Gemini 0.22 270 86.3 83.3 18:10(0.18) 136 59.6 72.1 15:32 (0.019)
ELLIPSE Gemini 095 2 0.0 0.0 0:0 1,546 135 29.9 30:284 (5 x 1075%)
FED-Turn Gemini 0.75 306 76.8 76.1 10:8 (0.81) 294 45.6 53.7 27:51 (0.009)
FED-Dialogue Gemini 1.00 1 100.0 100.0 0:0 232 51.7 59.5 12:30 (0.008)
HelpSteer2 Gemini 0.50 193 56.0 54.9 14:12 (0.85) 159 39.6 535 14:36 (0.003)
LFQA Luna 0.75 171 86.5 854 2:0(0.50) 187 52.4 58.8 15:27 (0.088)
USR-TC Gemini 0.75 147 80.3 79.6 2:1(1.00) 213 58.7 64.3 24:36 (0.16)
USR-PC Gemini 0.50 214 76.2 74.3 10:6 (0.45) 85 553 75.3 6:23 (0.002)
HelpSteer2 Gemini 0.30 301 545 56.1 27:32 (0.60) 51 137 43.1 1:16 (3 x 107%)

Table K2: Kept and deferred pairs of the best cascade on each panel (post-hoc analysis), whose fallback and oracle
threshold are marked in Table K1. J: F counts the pairs only Jev got right against the pairs only the fallback got
right, with the p-value of a two-sided sign test. The last row repeats HelpSteer2 at 7 = 0.30.
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Figure K1: Cascade accuracy against the share of pairs deferred to each fallback judge (post-hoc analysis), one line
per fallback. The marker at a deferred share of zero is Jev alone, in the framing that Section 6.2 uses for the panel.
The dashed line is the best single judge of Table 4, named in each panel, and the black ring marks the panel’s best
cascade (bold in Table K1). Every panel spans the same range of accuracy points.

is Luna, and it defers from 12.1% of the pairs on
RiceChem to 99.9% on ELLIPSE.

Cross-fitted thresholds. Each of the 50 halvings
of Table 4 splits a panel’s units into two halves
with a seeded permutation. Each half in turn makes
four choices on its own pairs: a threshold for each
fallback; the best cascade’s fallback and threshold,
under the rule above; the best single judge among
the same candidates; and the smallest threshold at
which a cascade with that half’s best LLM judge
as fallback matches that judge. The other half is
scored with these choices, and a halving pools
its two scored halves. Recomputing the oracle-
threshold choices with the same code reproduces
Tables 4 and K1. Cross-fitted gains over the fall-
back alone stay large only over weak fallbacks,
12.2 points over Luna on HelpSteer2 and 8.3 over
Luna on HealthBench. With each panel’s best
LLM judge as fallback they run from —2.1 to +1.3
points. Jev Score is the best single judge in 99 of
the 100 FED-Turn halves. On the six panels on
which oracle thresholds match the best LLM judge
for 10% to 59% of that judge’s cost (see Reaching
the fallback), the cross-fitted cascade matches that
judge on the held-out half in only 46% to 64% of
halves.
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The identity. Let a?ﬁback be the fallback’s accu-
racy on the deferred pairs, with the other symbols
as in Equation (1). On ordinal panels the fallback’s
accuracy counts Jev’s verdict wherever the fallback
abstained. The accuracies of the cascade and of its
fallback are

kept def
Qcascade = Skept Aoy T (1 - Skept) Geallbacks

kept def
Qfallback = Skept Qallpack T (1 - Skept) Gfallback s

and their difference is Equation (1), in which
a?ﬁgback cancels. Equation (1) thus bounds a cas-
cade’s gain over its fallback by Jev’s lead over the
fallback on the kept pairs. Recomputing both sides
from the recorded verdicts gives equal values at the
reported 7 on all nine panels.

Kept and deferred pairs. Table K2 applies the
identity to each panel’s best cascade. The fallback
leads Jev on the deferred pairs of every panel, sig-
nificantly on six in two-sided sign tests (all but
RiceChem, LFQA, and USR-TC). The five ordi-
nal panels where Jev keeps more than two pairs
are also the five on which the best cascade beats
its fallback. On their kept pairs Jev leads the fall-
back by 0.7 to 1.9 points, and no lead is signifi-
cant (p > 0.45). Jev’s confidence keeps few of
the pairs on which Jev is right and the fallback
wrong: none on ELLIPSE and FED-Dialogue, a



minority on FED-Turn, LFQA, and USR-TC, and
half on HelpSteer2, whereas on USR-PC, the ordi-
nal panel with the largest gain, 10 of the 16 such
pairs are kept. RiceChem is the one panel where
Jev leads significantly on its kept pairs (63 to 26,
p = 1 x 10%). The best RiceChem cascade de-
fers to Gemini, which Jev Noul outscores, so it
gains 4.5 points over Gemini and still falls below
Jev Choice alone. HealthBench’s 2.0-point gain
over Gemini rests on a kept-pair lead of 18 to 10
(p = 0.18). The same overlap of errors makes the
cascades cheap: where the fallback would mostly
repeat Jev’s errors, keeping Jev’s confident verdicts
costs little accuracy, which is why most cross-fitted
cascades avoid most of the best LLM judge’s cost
(Table 4).

The last row of Table K2 illustrates the identity.
It repeats HelpSteer2 with Gemini at 7 = 0.30,
the oracle threshold on this panel with Luna or
DeepSecek as fallback. Gemini wins the deferred
pairs 16 to 1 (p = 3 x 10~%), but that advantage
cancels. On the kept pairs Jev is behind Gemini
(54.5% against 56.1%), so the cascade (52.8%)
ends below Gemini alone (54.3%).

Fixed threshold and flat cuarves. The last col-
umn of Table K1 fixes 7 = 0.75 on every ordinal
panel. For the best cascade’s fallback this is al-
ready the oracle threshold on FED-Turn, LFQA,
and USR-TC, and it matches the oracle accuracy
on HelpSteer2 and USR-PC, whose oracle thresh-
old is 0.50. The fixed threshold falls below Gemini
alone on ELLIPSE and FED-Dialogue. Near their
maxima the curves are flat (Figure K1). With Gem-
ini as fallback, accuracy stays within 1.4 points of
the oracle threshold’s for every 7 from 0.55 up on
FED-Turn, from 0.30 up on USR-PC, and from
0.40 up on HelpSteer2.

Reaching the fallback. With the best LLM judge
of each panel as fallback and oracle thresholds, the
reach of Table K1 stays below 60% on Health-
Bench and on the five ordinal panels other than
ELLIPSE and FED-Dialogue, which need nearly
every pair deferred because Jev Choice is sepa-
rated behind Gemini on both and on ELLIPSE its
confidence does not rank its errors. As a share
of that judge’s cost, with Jev’s own cost added
to the deferred share, these matches cost 17.5%
on HealthBench, 49.2% on FED-Turn, 30.5% on
HelpSteer2, 38.8% on LFQA, 59.4% on USR-TC,
and 10.3% on USR-PC, against 100.1% on EL-
LIPSE and 99.7% on FED-Dialogue. Where Jev
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alone is at least as accurate as a fallback, as for all
three RiceChem fallbacks, the reach is zero, so on
RiceChem Jev alone already matches the best LLM
judge, DeepSeek. On FED-Turn, Jev Score alone
reaches 70.7% on the cascade pair set, above every
cascade, at about 1/650 of Gemini’s cost.

Criterion routing. LFQA’s cascade does not re-
duce to sending one criterion to the fallback. Rout-
ing every factuality pair to Luna and keeping
Jev Choice’s verdicts elsewhere gives 69.8%, be-
low both the confidence cascade (72.1%) and Luna
alone (71.5%). Routing any one or two of the three
criteria to Luna gives at most 70.9%, reached with
factuality and amount_info together.

Cost. The linear cost estimate of Table K1 as-
sumes that a deferred pair costs the fallback’s av-
erage per pair. Deferred pairs may be longer or
shorter than average and need more or fewer rea-
soning tokens.

L Binary-Panel Expectations
Re-examined

Several expectations formed on the two binary pan-
els did not hold on the ordinal panels, and others
held only in narrower forms (Table L1). The di-
rection of Jev’s errors, for instance, reverses be-
tween the two kinds of panel (see the last para-
graph of this appendix), and Jev Choice, which
never chose CANNOT_ASSESS on the binary pan-
els, abstained on 28 ordinal pairs. Besides the scale,
the two binary panels share checklist criteria (Sec-
tion 3.3), expert labels, and one wording of the
abstain option. Because the ordinal panels also
change the domain and the options and instruction
that Jev receives, we attribute no failure to scale
type alone.

The expectations in the first column of Table L1
are those we formed on the binary panels and wrote
down before any judge was run on the ordinal pan-
els (see Limitations). The six status labels, and
the assignment of each expectation to one of them,
were decided after the ordinal panels had been an-
alyzed. The evidence column gives the statistic
behind each status, and a reader can apply a stricter
or a looser rule to it. The binary and ordinal panels
differ in several ways at once, as the first paragraph
of this appendix notes, so a status records whether
an expectation carried over and does not say which
difference decided the outcome.



Expectation formed on the
binary panels

Status on the
ordinal panels

Evidence

Jev costs two orders of
magnitude less than an LLM
judge.

No LLM judge is significantly
more accurate than Jev.

Jev over-grants MET.

Jev’s confidence predicts which
of its verdicts are wrong.

The primitive used to ask Jev
does not change its verdicts.

Jev never abstains.

Jev’s most confident errors are
mostly label errors.

Other judges repeat Jev’s
confident errors.

Criterion length does not predict
Jev’s per-criterion accuracy.

A second judge helps where
Jev’s uncertainty can be
resolved.

The verdict-definition wrapper
matters.

Jev is stable across runs.

Jev has no non-English penalty.

holds in narrower
form

fails

reversed

holds in narrower
form

fails

fails

undetermined

holds

holds

holds in narrower
form

not examined

not examined

not examined

Nine-panel cost ratios are 29 x (Luna), 66 x (DeepSeek), and 325
(Gemini), and single-panel ratios span 18x to 770x (Table B1). A
factor of 100 or more holds over the nine panels only for Gemini, and
on single panels also for DeepSeek on FED-Dialogue (169X ).

Unit-level intervals separate Gemini’s leads over Jev Choice on
ELLIPSE, FED-Dialogue, and HelpSteer2 and Luna’s lead on USR-PC,
and the ELLIPSE and FED-Dialogue leads survive Holm correction
over 27 comparisons.

On ordinal criteria 31 of the 35 judge-by-panel offsets are negative,
including Jev Choice’s on six of seven panels. On embedded binary
criteria the sign varies with the criterion, as on the two USR-TC criteria
discussed at the end of this appendix.

AUROC 0.57 to 0.70 on six ordinal panels and 0.49 on ELLIPSE, with
failures on single criteria such as LFQA factuality (0.41) and
USR-PC engaging (0.52) (Appendix I).

Unit-level intervals separate Jev Score ahead of Jev Choice on
ELLIPSE, FED-Turn, FED-Dialogue, and USR-TC, by up to 10.5
points (Table C1). Jev Noul was not run on ordinal criteria, and the two
binary framings agree at k = 0.945 (Appendix D).

Jev Choice abstained 28 times, 17 on FED-Dialogue error_recovery,
where P(NA) follows the raters’ N/A count (Appendix F). It never
chose the epistemic CANNOT_ASSESS option in 8,798 binary pairs.

Of the 72 sampled errors from multi-rater panels, 10 have unanimous
labels, six of them on ELLIPSE, and unanimous labels cannot be read
as label noise. The USR-TC _nofact labels, one of which is in the
sample, are unanimous on 17 of 18 (Table H1; Appendix J). The other
62 errors, every FED and LFQA one among them, sit on split pairs,
where the recorded verdicts cannot tell a wrong label from a contested
one. On HealthBench the physicians were unanimous on 11 of Jev
Noul’s 12 confident errors.

The three LLM judges repeat 242 of 252 verdicts on the ordinal panels
and 32 of 36 on HealthBench, against 126.7 and 10.0 under the
independence baseline (Section 5.3; Appendix J).

Spearman —0.10 on FED-Turn (7 criteria) and +0.30 on
FED-Dialogue (9), against —0.26 and —0.27 on RiceChem and
HealthBench. The test is weak, with few criteria and narrow length
ranges, and ELLIPSE is ambiguous (Appendix H).

In the post-hoc cascades the fallback beats Jev on every panel’s
deferred pairs, yet the best cascade on an ordinal panel exceeds the best
single judge’s accuracy by at most 1.3 points with oracle thresholds,
and by at most 0.8 with cross-fitted ones. On five ordinal panels an
oracle-threshold cascade reaches the best LLM judge for 10-59% of
that judge’s cost, and ELLIPSE and FED-Dialogue need at least 99.6%
deferral (Appendix K).

No framing for ordinal criteria used a wrapper (Section 3.1). Its
binary-panel gains, 4-10.7 and +1.0 points, are in Appendix D.

Jev was re-run only on the binary panels, where changes were confined
to pairs near the threshold (Appendix A).

All seven ordinal panels are in English, and the binary-panel check
rests on 36 non-English HealthBench pairs (Appendix D).

Table L1: Each expectation from the binary panels and its status on the seven ordinal panels. holds: the ordinal
panels agree. holds in narrower form: they agree within the scope given in the evidence. reversed: they show the
opposite direction. fails: they contradict it. undetermined: the ordinal panels as run do not decide it. not examined:
the ordinal panels as run could not test it. Cascade results are post-hoc analysis.
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Binary and ordinal criteria. The fourth natural
contrast of Appendix H varies the form of the crite-
rion, although it also changes the panel, the domain,
and the label source. For Jev, moving from binary
to ordinal criteria reverses the direction of the er-
ror. Jev over-grants MET on both binary panels
(Appendix D), where the LLM judges’ MET-rate
offsets have no common sign (Table 2), whereas
its offsets on ordinal criteria are negative outside
USR-TC. The two embedded binary criteria of
USR-TC split in direction. Every judge over-grants
MET on understandable (Jev Noul’s MET rate
is 90.3% against 68.1% labeled) and under-grants
it on uses_knowledge (37.5% against 58.3%). On
the same responses, then, the direction of every
judge’s error follows the criterion, so Jev’s reversal
need not come from the change of form itself.

M Release and Derived Statistics

Release. The release contains the code used to
run every judge, the frozen panel samples, and one
verdict record per judge and pair. A panel sample
holds each unit as the judges received it, the rubric
version (criterion sentences and level descriptions),
the label, and the individual rater scores behind it.
A verdict record holds the judge’s level or verdict,
whether it abstained, and any judge-call failure.
For Jev it also holds the returned probabilities and
confidence, and for the LLM judges the explanation
each one returned. The per-panel summaries that
the harness wrote, which record cost and wall time,
accompany the verdict records.

Scripts. Two scripts regenerate the paper’s num-
bers and figures from these files, sending no request
to any model. The analysis script computes the val-
ues that the paper quotes and writes them to a JSON
file and a readable summary, which names for each
value the recorded file and key it is read from, or
the rule that computes it. The figure script draws
every figure from the analysis output alone, at its
printed size.

The analysis script checks itself against the
recorded results. Its recomputed discordant counts
for the 21 ordinal-panel tests between Jev Choice
and the LLM judges and the 7 between Jev Choice
and Jev Score, its confidence-band tables for the
seven ordinal panels, and its 21 cascade curves
on the ordinal panels all equal the recorded ones.
The paired comparisons, group resampling, juries,
cross-fitted cascades, and physician reference draw
from one fixed seed, with a separate generator for
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each quantity. The code behind them recomputes
pair counts, shares of repeated errors, rater ref-
erences, oracle-threshold cascades, and physician
comparisons, and each equals the value computed
without resampling. The ELLIPSE marginal inter-
vals of Appendix C use a seed of their own and one
generator shared by the judges.

Inputs beyond the panel records. Some val-
ues need records other than the panel verdicts
and the per-panel summaries. The LLM judges’
cached responses hold the per-response costs that
DeepSeek’s billed cost sums (Appendix B), the
reasoning-token counts, the upstream providers
that served DeepSeek, which twelve Luna verdicts
were served from the cache (Appendix A), and
the reasoning effort that each request of the effort
runs carried. Jev’s runs outside the panels have
records of their own: the full RiceChem set, the
five-pass stability study, and the HealthBench ideal-
completion ablation (Appendices A and D). So do
Luna’s two spot-check runs.

Whole-rubric runs. The whole-rubric runs of
Appendix N are released as a second results tree
with the same layout as the first. Its Jev runs,
panel samples, and rater files are links into the per-
criterion tree, so only the three LLM judges’ verdict
records, run summaries, and cached responses are
new. The repeat runs form a third tree, which also
keeps DeepSeek’s failed first attempt on ELLIPSE,
and the release lists the units of the repeat runs and
of the smoke test. Three scripts belong to these
runs. A setup script builds the second tree, draws
the two sets of units, and reads each judge’s logged
seed from the per-criterion records; a launch script
runs the three judges on the smoke-test units, the
full panels, and the repeat units; and a compar-
ison script reads the three trees without sending
any model request and writes the judging-mode
comparison, again as a JSON file with a readable
summary that names the source of each value. A
single setting tells the scripts which results tree to
read. With the setting pointed at the second tree,
the scripts that summarize each run, the analysis
script, and the figure script run unchanged on the
whole-rubric verdicts, and with it unset they repro-
duce the per-criterion outputs exactly.

Effort runs. Four more trees with the same
layout hold the effort and calibration runs of
Appendix O, one tree each for the high runs,
DeepSeek’s medium run, and the calibration’s



explicit-medium and second default runs on the re-
peat units. Each tree records the effort its requests
named, and each calibration tree also records which
units it covers. As in the second tree, links into
the per-criterion tree supply Jev’s runs, the panel
samples, and the rater files, and the medium tree
also links Luna’s and Gemini’s main runs as their
medium runs. The medium tree’s response caches
hold DeepSeek’s responses only, so the values read
from caches, the reasoning and cached prompt to-
kens, are absent for those two linked runs and are
reported as not applicable rather than as zero. The
code that sends the LLM judges’ requests adds the
effort to every request when a setting names one
and leaves the requests unchanged otherwise. An-
other launch script runs the three judges for each
tree, and the setup script builds these trees too,
links included. A second comparison script, which
also sends no model request, reads all the trees,
compares the runs, the calibration, accuracy, and
the paper’s statistics across conditions, and records
each value with its source as the first one does.
With the setting pointed at the high or the medium
tree, the analysis and figure scripts run unchanged
on that condition, and these reruns supply the agree-
ment and offset counts that Table O4c gives for the
medium and high conditions.

Derived statistics. Differences between reported

values are computed before rounding, and stated

bounds such as “at most” compare rounded values.

The analysis script derives the following statistics

from the recorded verdicts, labels, and summaries,

and marks the post-hoc analyses among them.

* The paired comparisons with units resampled:

bootstrap intervals, equivalence bounds, sign

tests over units, Holm correction, and the
resampling of sampling groups (Table C1).

Pair-level sign tests for Jev Choice, Jev Noul,

and Jev Score, with the Holm correction of Jev

Choice’s tests (Table C2).

* The paired accuracy differences and per-panel

cost ratios of Figure 1, and DeepSeek’s billed

cost per panel.

Judge—judge and judge—label QWK (Table 2),

and the all-wrong shares (Table J2).

* The per-criterion aggregates of Figure G1: the
Spearman correlation over 31 criteria, the counts
of criteria beyond the 15-point cut-off and of
criteria with near-zero offsets, the sign
agreement of the four offsets on 35 criteria, and
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the gap measures that ignore location (post hoc;

Table G2).

MET-rate offsets and Cohen’s « on the binary

panels, and MET rates on the embedded binary

criteria.

For ELLIPSE, level usage, the sign structure of

the errors, slopes, offsets by trait and by holistic

band, accuracy on half-way labels, the post-hoc
downward tie-break and constant-shift curves,
and the marginal bootstrap intervals of

Appendix C.

The USR engaging shift (post hoc) and rank

correlations, the _nofact counts, the

decomposition of Jev Choice’s USR-TC errors,
and the rater reference split by rater unanimity.

Each judge’s use of “Somewhat.” on FED-Turn,

the exchange of decoding rules there (post hoc),

and the number of Jev Score’s exact halves

(Appendix E).

The relation between P(NA) and the raters’ N/A

answers on FED-Dialogue error_recovery,

and the overlap of the judges’ abstentions

(Appendix F).

The fit of the confidence formula, AUROC per

panel and per criterion, accuracy on the most

confident pairs, repeated errors by band with
their independence baseline, the confident-error
sample, and the median juries (post hoc;

Appendices I and J).

For the cascades (post hoc), the oracle-threshold

and cross-fitted results, the kept and deferred

splits with their sign tests, accuracy at a fixed
threshold, the deferred share needed to reach
each fallback, cost estimates, and the LFQA

criterion-routing check (Appendix K).

* The HealthBench physician reference
(Appendix D).

* The no-read baselines and their sign tests,
criterion-length correlations on FED and
ELLIPSE, accuracy by unit-length quartile, and
the agreement between Luna’s two spot-check
runs.

Sums over panels. Several counts in the paper
add per-panel values: the 31 negative offsets (of
35, five judges on seven panels), the 242 repeated
verdicts (of 252, three LLM judges and 12 errors on
each of seven panels), the 28 abstentions (of 3,414
ordinal pairs on seven panels), and the 8 separated,
8 at-parity, and 11 inconclusive comparisons (of the
27 pairings of Jev Choice and an LLM judge on the
nine panels). The nine-panel costs and wall times



are sums of the per-panel values, with DeepSeek
at its billed cost. The class tallies, confident-error
totals, and nine-panel sums of Appendix O are
formed the same way.

What the scripts do not compute. Some state-
ments in the paper are not produced by the analysis
script. Values published by the source benchmarks,
such as ELLIPSE’s grade band and rater design,
are cited to their papers. Facts about Jev, such as
its price and the description of its primitives, come
from the vendor’s documentation. Other values
were read directly from the recorded per-pair re-
sults, rater files, or run logs:

the HealthBench strata of Table A1, the
FED-Turn fluent pair with four raters, and the
absence of ties among the embedded binary
labels (Appendix A);

the rater-reference rows for within-one and
embedded binary accuracy in Table C3;

the per-criterion wrapper effects on HealthBench
(Appendix D);

the FED-Turn mean probabilities per level, the
embedded binary disagreements between the
two framings for ordinal criteria, the levels at
which Jev Score’s exact halves fall, and the
agreement of the two rounding rules on Jev
Choice’s probabilities (Appendix E);

the labels of the error_recovery dialogues that
Jev Choice abstained on (Appendix F) and the
ratings behind the ELLIPSE confident errors
(Appendix J).

The readings of individual pairs in Appendices F,
H, and J quote the records they read and are not
measurements.

N Whole-Rubric Judgments

This appendix describes how the whole-rubric runs
and the repeat runs of Section 3.2 were made and
gives the tables and Figure N1 behind Section 4.3
and the whole-rubric remarks of Sections 5 and 6.
Every per-criterion value in these tables is that of
the main runs, and Jev’s verdicts, costs, and times
are the same in both modes.

Prompt and reply. In the whole-rubric runs the
harness sends one request per unit. The system
prompt states the task and quotes as guides those
system prompts of Table A2, binary or multi-
choice, that match the kinds of criterion the unit
carries. It ends with the reply format: a JSON
object with one judgment per criterion identifier,
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each holding a verdict or an option number and
an explanation. The user message lists the criteria
first, each tagged with its identifier and worded as
in a per-criterion request, options included, and
then gives the input and the submission once. The
whole-rubric runs reused the model names and each
judge’s logged seed, and the option shuffle is keyed
as in Appendix A, so every criterion’s options ap-
peared in their recorded order. The units, model
identifiers, temperatures, reasoning defaults, and
the harness’s retries were those of the main runs,
the response cache was on, and requests timed out
after 600 seconds.

Failed and incomplete replies. The harness
reads a reply one criterion at a time. A judgment
that is missing, duplicated, or unusable fails only
its own criterion, as a parse failure, and the pair is
excluded from every denominator like any other
failed pair. A request that fails, or whose reply
is not a readable JSON object, fails every pair of
its unit, and the unit then has no verdict record
at all, so none of its pairs can stand as UNMET
(compare Appendix A). All of Luna’s and Gem-
ini’s replies were complete. DeepSeek’s five failed
requests fell on RiceChem (two units, 14 pairs),
HealthBench (one unit, 2 pairs), LFQA (one unit,
3 pairs), and USR-TC (one unit, 5 pairs). The four
on RiceChem, HealthBench, and LFQA ran long
and then returned nothing, and the USR-TC re-
ply was cut short inside its JSON. DeepSeek’s two
single-criterion failures, both on ELLIPSE, were
a missing and a duplicated judgment. The judges
abstained about as often in either mode (Table N1),
except DeepSeek on USR-TC, whose abstentions
rose from 1 to 16.

Repeat runs. Each of the twelve runs, one per
ordinal panel, one per RiceChem question, and one
for HealthBench, contributed max(1, [0.17]) of
its n units, drawn without replacement by a gener-
ator seeded with a CRC-32 checksum of the run’s
name. All three judges repeated the same units: 14
on RiceChem, 20 on HealthBench, 26 on ELLIPSE,
8 on FED-Turn, 3 on FED-Dialogue, 9 on Help-
Steer2, 12 on LFQA, 8 on USR-TC, and 6 on USR-
PC, 529 pairs in all. The repeat runs started from an
empty response cache and kept every other setting
of the whole-rubric runs. DeepSeek’s first repeat
attempt on ELLIPSE failed on all 26 units with
local network errors, before any request reached
the model and with nothing billed. We reran those
units with the same settings and keep the failed



attempt in the release. One DeepSeek repeat unit
on FED-Dialogue hit the 600-second timeout and
was left failed, so DeepSeek’s repeat covers 105
units and 519 pairs. A smoke test of three units
per run (36 units) preceded the runs and enters no
analysis.

Cost, tokens, and time. Whole-rubric judgments
bring the requests of each LLM judge down from
5,003 to 1,021 (Table N1). Because each unit’s
text goes out once, prompt tokens fall to about a
third, and completion tokens fall by 29% to 34%.
Cost, computed for both modes by the rule of
Section 3.4, falls by 45% (Luna), 44% (Gemini),
and 19% (DeepSeek). To split DeepSeek’s billed
cost by panel, each cached whole-rubric reply is
matched to its panel through the explanations it
shares with the verdict records, and every success-
ful reply found a match. For the whole-rubric re-
quests the billed cost is 3.7 times the harness’s esti-
mate over the nine panels, and 2.8 (FED-Dialogue)
to 4.1 times (USR-TC) on single panels, against
1.3 times for the per-criterion requests over the nine
panels (Appendix B). OpenRouter’s routing may
account for part of DeepSeek’s smaller saving. Its
698 answered whole-rubric requests on the ordinal
panels (two more failed) came from 15 upstream
providers, chiefly Parasail (256 requests), Together
(224), and CoreWeave (129), whereas Morph and
Deeplnfra together had served just over half of its
per-criterion requests there. On the ordinal panels
the cached whole-rubric replies hold 162,354 rea-
soning tokens for Luna, 1,635,010 for Gemini, and
1,939,805 for DeepSeek, against the per-criterion
counts of Appendix A.

Gemini’s whole-rubric cost ratio is again small-
est on HealthBench (91 x, 2.0 criteria per unit) and
largest on FED-Dialogue (312%, 10), but it drops
from LFQA (157 %, 3) to HelpSteer2 (144 x, 4),
and RiceChem (155 x, 6.8) sits below every ordi-
nal panel with five or more criteria per unit. With
whole-rubric judgments, a unit’s median duration
across the ordinal panels is 4.0 to 6.6 seconds for
Luna, 4.9 to 15.7 for Gemini, and 6.5 to 30.1 for
DeepSeek. The 90th percentile of DeepSeek’s unit
durations reaches 127.1 seconds on ELLIPSE and
160.2 on FED-Dialogue. Table N1 gives wall times
for both modes, but they do not measure the judging
mode (see Limitations). Because the whole-rubric
runs sent as many requests at a time as Jev did, the
one condition of their time ratios that still favors
the LLM judges is that Jev Choice and Jev Score
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shared one API while each LLM judge had its own
provider.

Accuracy by judging mode. Table N2 sets each
judge’s two runs side by side on their common
pairs, using the paired statistics of Section 3.4 with
one Holm family of 27 judge—panel comparisons.
Four of these changes are separated, 16 at parity,
and 7 inconclusive. Besides Luna’s and Gemini’s
ELLIPSE gains, whose 95% intervals run from 3.8
to 8.1 and from 4.1 to 8.1 points, the separated
changes are two losses, Luna’s of 5.3 points on
LFQA and Gemini’s of 4.5 on HelpSteer2. None
of DeepSeek’s changes is separated. Across the
nine panels together, Luna’s pooled gain is 1.5
points and Gemini’s 1.4, but both pooled differ-
ences are negative once ELLIPSE’s 1,548 pairs
are left out, and their intervals then include zero.
Luna’s and Gemini’s ELLIPSE offsets moved to-
ward zero (Section 4.3), from —1.28 to —1.05 and
from —0.77 to —0.67 levels, whereas DeepSeek’s
moved from —1.16 to —1.22 levels, with an accu-
racy change at parity. Of the 27 differences, 13 are
positive, 3 are exactly zero, and 11 are negative.
Holm correction of the sign test over units keeps
Luna’s LFQA loss as well as the two ELLIPSE
gains, although the bootstrap p-value for that loss
exceeds 0.05 after correction (0.070). Gemini’s
HelpSteer2 loss has a bootstrap p-value of 0.021,
which the correction raises to 0.50. On a panel
with embedded binary pairs the pooled measure
of Table N2 can differ in sign from the measure
of Table 2, which counts ordinal pairs only; on
USR-TC, for instance, Luna’s difference is —1.1
points pooled and +1.4 on the ordinal pairs. The
largest changes in mean QWK are Luna’s fall on
LFQA, from 0.51 to 0.39, and DeepSeek’s rise
on USR-PC, from 0.42 to 0.51. Luna’s ELLIPSE
gain did not extend to every trait: its exact accu-
racy on cohesion fell from 44.6% to 32.6%, while
syntax rose from 13.2% to 30.6%, vocabulary
from 12.0% to 26.0%, and phraseology from
7.8% to 19.4%.

Jev Choice against the whole-rubric judges.
Between the judging modes, 5 of Jev Choice’s 27
comparisons change separation (Figure N1; Ta-
ble N3). Luna gains a separated lead over Jev
Choice on ELLIPSE and FED-Turn, and three leads
of the LLM judges lose their separation: Luna’s
on USR-PC and Gemini’s on FED-Dialogue and
HelpSteer2. DeepSeek is not separated from Jev
Choice in either mode. On RiceChem its whole-



Luna

Gemini DeepSeek

Per-criterion Whole-rubric

Per-criterion ' Whole-rubric

Per-criterion ~ Whole-rubric

(a) Nine panels
Requests 5,003 1,021 5,003 1,021 5,003 1,021
Failed requests 0 0 0 0 9 5
Failed pairs 0 0 0 0 9 26
Abstentions 12 19 29 25 24 36
Prompt tokens 12,063,678 3,884,372 10,972,689 3,703,999 11,241,762 3,667,224
Completion tokens 866,600 572,284 3,295,232 2,331,522 4,254,957 2,935,010
of which reasoning 502,270 252,742 2,981,135 1,957,145 3,946,419 2,604,817
Cost (US$) 1.84 (29x) 1.01 (16x) 20.59 (325%x) 11.52(182x) 4.18 (66 %) 3.40 (54x)
harness estimate 3.14 (50x) 0.91 (14 %)
Wall time (s) 859 (30x) 802 (28 %) 950 (33x) 1,288 (45x) 6,298 (220x) 10,026 (350x%)
Requests at a time 16/8 8/8 20/8 8/8 32/8 8/8
Cost in US dollars Wall time in seconds
DeepSeek
Panel Units Luna Gemini billed estimate Luna Gemini DeepSeek
(b) Whole-rubric judgments by panel
RiceChem 121 0.122 (17x) 1.104 (155%x) 0.474 (67x) 0.116 144 (37x) 147 (38x%) 907 (231x)
HealthBench 200 0.167 (13x) 1.171 91 x) 0.410 (32x) 0.110 151 (28x) 110(21x) 2,610 (493x%)
ELLIPSE 258 0.354 (15%x) 5.410(226x) 1.467 (61x) 0.403 220 (30x) 617 (84x) 3,727 (506 %)
FED-Turn 75 0.066 (25x) 0.717 (266x) 0.199 (74x) 0.052 47 24x%) 69 (36x) 803 (414 %)
FED-Dialogue 25 0.029 27x) 0.334 (312x) 0.088 (82x) 0.031 25(30x%) 46 (58x%) 317 (394 x)
HelpSteer2 90 0.086 (17x) 0.721 (144x) 0.240 (48x) 0.061 69 (29x%) 77 (33x) 374 (159x%)
LFQA 120 0.083 (17x) 0.779 (157x) 0.188 (38 %) 0.053 69 (20%) 91 27x) 671 (199x)
USR-TC 72 0.061 (19x) 0.727 (225x) 0.196 (61x) 0.048 44 (22x%) 69 (35x) 372 (190%)
USR-PC 60 0.046 (18x) 0.559 (225x) 0.141 (57 %) 0.035 34 (22x%) 60 (38x) 245 (156 %)
Nine panels 1,021 1.014 (16x) 11.521 (182x) 3.402 (54x) 0.908 (14x) 802 (28x) 1,288 (45x) 10,026 (350x)

Table N1: The LLM judges’ runs in both judging modes. (a) Nine-panel totals. Requests: those the harness issued;
LiteLLM’s internal retries are not recorded. Failed pairs: pairs whose judgment failed, which in the per-criterion
mode are the pairs of DeepSeek’s nine failed requests (three of them recorded as UNMET on the binary panels)
and in the whole-rubric mode the 24 pairs of its five failed requests and two single-criterion failures on ELLIPSE.
Abstentions: CANNOT_ASSESS and NA answers, failures excluded. Completion tokens include the reasoning
tokens, which are read from the cached responses. Cost: DeepSeek at its billed cost; the row below gives what the
harness itself estimated for those requests. Parentheses give the ratio to Jev Choice (Table B1). Requests at a time:
ordinal / binary panels; Jev sent 8 on every panel. (b) Whole-rubric judgments by panel, one request per unit, with
ratios to Jev Choice’s run on that panel; DeepSeek’s two costs as in Table B1.

rubric verdict accuracy of 81.2% puts it ahead of
Jev Choice’s 81.0% (4-0.4 points on the pairs both
scored, at parity), which drops Jev Choice to sec-
ond place there, and on LFQA Jev Choice becomes
the most accurate matched judge. In both modes
Gemini is the most accurate matched judge on the
six other ordinal panels, tied with Luna on USR-
PC with per-criterion judgments. On the ordinal
panels, the ten inconclusive comparisons have 90%
intervals that reach 5.1 to 9.2 points from zero. Re-
sampling sampling groups instead of units changes
one outcome, against four with per-criterion judg-
ments (Appendix C). Luna on USR-TC loses par-
ity, its bound rising from 4.8 to 5.3 points. In
pair-level sign tests eight comparisons are signifi-
cant before correction, four in each direction. Jev
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Choice leads Luna and Gemini on RiceChem and
leads Luna on HealthBench and HelpSteer2; Luna
and Gemini lead it on ELLIPSE and FED-Turn. Af-
ter Holm correction of these sign tests, Luna’s and
Gemini’s ELLIPSE leads and Jev Choice’s Help-
Steer2 lead over Luna remain. As with per-criterion
judgments, Gemini’s FED-Turn lead is significant
pair by pair but not separated. HelpSteer2’s con-
stant predictor is now significantly more accurate
than every judge in pair-level sign tests, Gemini
included (p = 0.002).

Agreement between runs. Over all pairs, the
whole-rubric run gives a different verdict from the
per-criterion run on 24.3% of Luna’s pairs, 11.6%
of Gemini’s, and 22.6% of DeepSeek’s, the com-
plements of the W =P column of Table N4. On the



Accuracy (%)

Per-

Whole-

Panel Judge Units Pairs . . . Diff 95% interval Bound P:W Puniv Class
criterion  rubric
RiceChem Luna 121 819 77.8 769 —0.9 —3.4,+17 3.0  33:30 0.80 parity
Gemini 121 819 76.1 76.8 +0.7 —1.1,+2.6 23 20:27 0.38 parity
DeepSeek 119 805 79.0 812 +2.2 —04,+4.9 45 24:38 0.098 parity
HealthBench Luna 200 406 70.4 709 +0.5 —2.9,+3.9 33 20:22 0.88 parity
Gemini 200 406 79.6 80.0 +0.5 —1.3,+2.3 2.0 6:8 0.79 parity
DeepSeek 199 404 76.2 76.5 +0.2 —3.1,+3.5 3.0 22:22 1.00 parity
ELLIPSE Luna 258 1,548 14.1 200 +5.9% +3.8,+8.1 7.8  39:84 6 x 1075 separated
Gemini 258 1,548 29.8 359 +6.1% +4.1, +8.1 7.8  26:88 5x 1077 separated
DeepSeek 258 1,536 15.0 135 —-1.5 —-3.2,40.3 29 70:52 0.12 parity
FED-Turn Luna 75 600 62.5 655 +3.0 —0.5,+6.5 58 17:31 0.059 -
Gemini 75 600 65.2 65.7 +0.5 —2.2,+3.0 27 17:20 0.74 parity
DeepSeek 75 599 63.8 624 —1.3 —4.3,41.5 3.8  23:21 0.88 parity
FED-Dialogue  Luna 25 233 51.5 51.5 0.0 —4.7,45.1 4.3 9:8 1.00 parity
Gemini 25 228 60.5 579 —2.6 —-7.0,+1.7 6.5 7:4 0.55 -
DeepSeek 25 234 50.0 53.0 +3.0 —2.6,+8.9 8.0 7:9 0.80 -
HelpSteer2 Luna 90 360 39.2 39.2 0.0 —5.0, +4.7 42 29:30 1.00 parity
Gemini 90 355 54.6 50.1 —4.5 -8.2,—-0.8 76 22:11 0.080 separated
DeepSeek 90 357 46.8 493 +2.5 —2.0,+7.0 62 16:24 027 -
LFQA Luna 120 359 71.6 66.3 —5.3% —8.6, —2.0 8.1 26:7 0.001 separated
Gemini 120 358 67.6 66.2 —1.4 —4.5,+1.7 39  16:11 0.44 parity
DeepSeek 119 351 65.2 67.8 +2.6 —1.7,+6.5 59 16:25 021 -
USR-TC Luna 72 357 68.3 672 —1.1 —5.6,+3.9 50 23:14 0.19 -
Gemini 72 358 70.7 70.7 0.0 —-2.8,+2.8 25 10:10 1.00 parity
DeepSeek 71 339 68.4 699 +15 —-2.4,45.3 4.7 14:17 0.72 parity
USR-PC Luna 60 300 74.0 713 —2.7 —6.0,+0.7 57 18:10 0.18 -
Gemini 60 300 74.3 72.0 —2.3 —5.0,0.0 4.3 11:4 0.12 parity
DeepSeek 60 300 69.7 69.3 —0.3 —4.7,+4.0 40 15:13 0.85 parity
Nine panels Luna 1,021 4,982 +1.5 +0.4,42.6 24 214:236 0.32
Gemini 1,021 4,972 +1.4 +40.5,+2.3 22 135:183 0.008
DeepSeek 1,016 4,925 +0.3 —-0.7,+14 1.2 207:221 0.53
Seven ordinal Luna 700 3,757 +2.1 +0.8,+3.4 32 161:184 0.24
Gemini 700 3,747 +1.7 +0.5, +2.8 2.6 109:148 0.018
DeepSeek 698 3,716 -0.1 -1.3,+1.1 1.1 161:161 1.00
All but ELLIPSE Luna 763 3,434 —-0.5 —-1.9,40.8 1.7 175:152 0.22
Gemini 763 3,424 -0.7 —-1.6,+0.3 1.5 109:95 0.36
DeepSeek 758 3,389 +1.2 —-0.1,+25 2.3 137:169 0.076

Table N2: Each LLM judge’s whole-rubric run against its per-criterion run, on the pairs both runs scored, with units
resampled as in Table C1. Accuracy is verdict accuracy on the binary panels and, on the ordinal panels, the share
of correct verdicts over the ordinal and embedded binary pairs together. Diff: whole-rubric minus per-criterion
accuracy, in points. P : W: units where the per-criterion run leads against units where the whole-rubric run leads, and
Punit their sign test. Bound and Class as in Table C1. §: significant once the bootstrap p-values of the 27 rows above
the rule are Holm-corrected; §: significant after that correction only in the sign test over units. The bottom rows
pool each judge’s pairs over several panels and lie outside the Holm correction.

repeat units, rerunning the identical whole-rubric
requests changes 13.8%, 7.4%, and 12.1% of their
verdicts (the R=W column). There, the two com-
parisons across modes (the whole-rubric run and
the repeat run, each against the per-criterion run)
agree less often, on average, than the two whole-
rubric runs match each other: by 9.5 points for
Luna, 3.5 for Gemini, and 10.3 for DeepSeek, each
with a 95% interval that excludes zero (the cross-
mode excess of Table N4). The repeat pairs are
few on single panels, 20 to 156, so Table N4 gives
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per-panel shares without intervals, and Section 4.3
relies on the pooled rows. Identical verdicts be-
tween the modes are rarest on ELLIPSE for ev-
ery judge, 61.0% of the pairs for Luna, 82.9% for
Gemini, and 67.8% for DeepSeek. In 6 of the
27 judge—panel cells the mean of the two cross-
mode shares matches or exceeds the share between
the two whole-rubric runs (Luna and DeepSeek
on LFQA; Gemini on HealthBench, USR-TC, and
USR-PC; DeepSeek on FED-Dialogue), each on 42
or fewer repeat pairs. For comparison, Luna’s two



Whole-rubric LLM judge

Per-criterion

Panel Judge Units Diff 95% interval Bound J:O punit Class Diff Class
RiceChem Luna 121 —-4.0 -6.9,-14 6.4 38:21 0.036 separated —3.2 separated
Gemini 121 —-42 -6.9,-14 6.5 40:22 0.030 separated  —4.9* separated
DeepSeek 119 404 —-2.0,42.7 24 21:28 0.39 parity —1.7 parity
HealthBench  Luna 200 —6.2 —11.8,—-0.5 10.8 45:32 0.17 separated  —6.7 separated
Gemini 200 +3.0 —0.7,+6.6 6.0 19:33 0.070 - +2.5 -
DeepSeek 199 —-0.5 —4.6,+3.6 39 29:29 1.00 parity —0.7 parity
ELLIPSE Luna 258  +6.6" +4.5, +8.7 83 30:87 1x1077 separated +0.6 parity
Gemini 258 +22.5% +19.7,4+25.3 248 7:166 1x 10740 separated +16.4* separated
DeepSeek 258 0.0 —1.4,+1.5 1.2 49:48 1.00 parity +1.6 parity
FED-Turn Luna 75 +4.0 +40.2,47.38 73 19:34 0.053 separated +1.0 parity
Gemini 75 +4.2 —0.3,+8.7 8.0 22:31 027 - +3.7 -
DeepSeek 75  4+0.8 —2.8,44.5 3.8 23:28 0.58 parity +2.2 -
FED-Dialogue Luna 25 —-04 -8.7,48.1 74 10:8 0.81 - -04 -
Gemini 25 +4.8 0.0,+10.0 9.2 4:9 027 - +7.9* separated
DeepSeek 25 413 —-5.2,47.6 6.5 8:11 0.65 - —-1.7 -
HelpSteer2 Luna 90 -91 -15.1,-3.1 14.0 37:16 0.005 separated —10.2% separated
Gemini 90 +1.1 —4.3,+6.5 5.6 18:29 0.14 - +5.7 separated
DeepSeek 90 409 —-4.3,45.7 49 22:23 1.00 parity -23 -
LFQA Luna 120 —2.5 —6.4,+1.1 5.6 25:16 021 - +2.8 -
Gemini 120 -2.2 -7.0,+42.5 6.2 30:26 0.69 — —1.1 parity
DeepSeek 119 —1.7 —5.9,+2.3 5.1 23:19 0.64 - -3.7 -
USR-TC Luna 72 —-0.8 —5.6,+3.6 48 21:19 0.87 parity +0.3 parity
Gemini 72 428 —-0.8,+6.4 58 12:22 0.12 - +3.1 -
DeepSeek 71 —-0.6 -5.0,+3.6 42 15:16 1.00 parity —14 -
USR-PC Luna 60 +1.3 —2.7,454 4.7 14:14 1.00 parity +4.0 separated
Gemini 60 +2.0 -—-23,+464 57 11:15 0.56 — +4.3 -
DeepSeek 60 —0.7 —5.4,+3.7 44 14:11 0.69 parity —0.3 parity

Table N3: Jev Choice against each whole-rubric LLM judge, in the layout of Table C1. Diff: accuracy of the LLM
judge less that of Jev Choice (points) over the pairs that both scored, embedded binary pairs included on the ordinal
panels. J: O: units with Jev Choice ahead against units with the LLM judge ahead. I: the separation survives Holm
correction (bootstrap p, 27 comparisons). The last two columns repeat the per-criterion difference and class of

Table C1.
per-criterion judgments ® whole-rubric judgments — judging modes separated
® separated from Jev Choice O not separated O binary panel
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Figure N1: Figure 1 redrawn for both judging modes of Section 3.2, one plot per LLM judge. Each logarithmic
cost axis spans one decade, so equal cost ratios give arrows of equal horizontal length in every plot. An arrow runs
from a judge’s point on one panel with per-criterion judgments (small, pale marker) to its point with whole-rubric
judgments (full-size marker). At either end a filled marker marks a comparison separated from Jev Choice in that
judging mode and a hollow one a comparison that is not; rings mark the binary panels. The four colored, labeled
arrows are the judge—panel combinations whose accuracy is separated between the two judging modes (Table N2);
the other arrows are gray. Arrows too short for a head are drawn as plain lines or hidden under their marker.
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Luna Gemini DeepSeek
All Repeat units All Repeat units All Repeat units
Panel n W=P R=W W=P R=P W=P R=W W=P R=P W=P R=W W=P R=P
RiceChem 95/14 882 947 842 853 934 947 916 926 863 958 853 85.3
HealthBench 42/20 832 90.5 88.1 833 96.6 100.0 100.0 100.0 87.6 88.1 85.7 78.6
ELLIPSE 156/26 61.0 82.1 622 641 829 878 814 846 678 827 654 65.4
FED-Turn 64/8 802 812 76,6 766 89.2 984 969 953 81.8 90.6 81.2 81.2
FED-Dialogue 30/3 752 933 86.7 86.7 884 1000 90.0 90.0 744 90.0¢ 85.0¢ 95.0¢
HelpSteer2 36/9 669 806 750 722 839 91.7 833 861 71.0 833 750 83.3
LFQA 36/12 858 833 944 833 903 972 889 91.7 801 77.8 80.6 80.6
USR-TC 40/8 80.0 875 775 850 903 825 825 850 794 90.0 725 77.5
USR-PC 30/6 8.0 86.7 900 767 920 90.0 86.7 96.7 847 96.7 90.0 93.3
Nine panels 529/106 757 86.2 77.1 764 884 92.6 88.1 90.2 774 87.9% 77.1* 78.0°
mean QWK 0.62 071 062 0.60 0.83 091 074 076 0.60 0.71 0.62 0.62
Cohen’s x 078 089 0.72 072 0.89 091 0.86 092 0.74 0.89 0.72 0.68
cross-mode excess —9.5(—12.7, —6.1) —-3.5(—6.4, —0.7) —10.3 (—14.1, —6.5)

Table N4: Share of pairs (%) on which two runs give the identical verdict: the same level, the same MET or UNMET
verdict, or an abstention in both. P: the per-criterion run; W: the whole-rubric run; R: the repeat run. All: W against
P over every pair of the panel (5,003 pairs per judge; 4,968 for DeepSeek). Repeat units: the three comparisons on
the repeat pairs, whose number of pairs and units is n. Pairs touched by a failed request in either run are set aside.
“DeepSeek’s repeat lacks one FED-Dialogue unit, leaving it 20 pairs on 2 units there and 519 pairs on 105 units in
all. Mean QWK: over the ordinal criteria, each criterion’s QWK between the two runs; Cohen’s x: over the binary
pairs. Cross-mode excess: the mean of the W =P and R =P shares minus the R =W share, in points, with a 95%
interval from resampling units; it would be zero in expectation if the judging mode changed verdicts no more than a

rerun does.

per-criterion runs in the spot check of Appendix A
agreed on 86.6% of the 82 pairs of the ordinal pan-
els, and its two whole-rubric runs on 83.7% of the
392 repeat pairs on those panels.

Repeated errors and cascades. Across all of
Jev Choice’s errors on each ordinal panel, the
whole-rubric LLM judges repeat its answer more
often than the independence baseline predicts (Ta-
ble N5a). Except on FED-Dialogue, Jev’s highest
confidence band holds the largest excess. On FED-
Dialogue, among bands that hold at least 20 of
Jev’s errors, the excess is 26.1 points between con-
fidence 0.25 and 0.5, 26.7 between 0.5 and 0.75,
and 24.5 in the top band.

Equation (1) holds for every whole-rubric cas-
cade. Where an ordinal cascade beats its whole-
rubric fallback, however, Jev beats that fallback on
the kept pairs by 3.0 points on HelpSteer2, 2.5 on
LFQA, 2.1 on USR-TC, and 1.9 on USR-PC, so on
the first three Jev’s kept-pair lead is larger than the
0.7 to 1.9 points it holds over the per-criterion fall-
backs (Appendix K). On HelpSteer2, where both
whole-rubric gains over the best single judge peak,
the cross-fitted gain of 2.5 points is positive in all
50 halvings. Gemini’s loss of 4.5 points on Help-
Steer2, from which these gains arise, is separated
but does not survive Holm correction (Table N2).

The best HelpSteer2 cascade defers 14.5% of the
pairs but touches 46.7% of the units. Among its
kept pairs, those that only Jev gets right outnum-
ber those that only Gemini gets right by 35 to 26
(pair-level sign test, p = 0.31), and its accuracy
still trails that of HelpSteer2’s constant predictor.
At the threshold that matches Gemini on USR-TC,
38.1% of the pairs fall on 81.9% of the units.
Billing a whole-rubric fallback for each unit that
has a deferred pair erodes the saving most where a
unit carries many criteria. The cross-fitted cascade
that matches the best LLM judge costs 99.1% of
that judge’s cost on FED-Turn instead of 45.5%,
57.0% on RiceChem instead of 6.6%, and 93.4%
on FED-Dialogue instead of 77.9%, although the
fallback’s change in accuracy also moves these
shares; ELLIPSE had no saving to lose. Only on
four panels does such a cascade stay below half
of the judge’s cost, at 23% to 45%, with held-out
accuracy from 0.6 points below the judge to 2.4
above. Also charging the units whose only deferral
is a Jev Choice abstention, as a live cascade would,
raises the cost of matching Gemini on HelpSteer2
at the oracle threshold from 7.5% to 15.6% of Gem-
ini’s own cost. On the binary panels every fallback,
DeepSeek included, is charged the harness’s own
cost estimate, as in the per-criterion binary cas-
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Judge—judge / Repeated errors,  Confident errors Oracle cascade  Cross-fitted ~ Cross-fitted Jury
judge—label QWK excess (points) repeated vs. best vs. best cost (%) vs. best

Panel P w P w P \ P W P w P w P Y

(a) By panel )
RiceChem - - - - - - —0.4 404 —1.0 40.1 66 570 —2.8 —1.77
HealthBench - - +29.0° +30.6° 32/36° 32/36° +2.0 +2.0 +1.5 +1.7 156 283 —22 —2.5

ELLIPSE 0.38/0.18 0.42/0.21 +8.6 +6.8 33/36  33/36 0.0 0.0 —0.1 —0.1 99.8 1004 —12.8" —14.7°
FED-Turn 0.57/0.39 0.60/0.40 +22.3 +19.1 3536 35/36 —-5.2 -5.0 —-7.3 —6.8 455 991 -—-0.2 -0.5
FED-Dialogue 0.61/0.35 0.59/0.33 +20.4 +425.7 36/36 36/36 0.0 -1.7 -0.9 -3.0 779 934 -3.1 -0.9
HelpSteer2 0.66/0.31 0.64/0.30 +32.0 +30.8 3536 3536 4+0.6 +2.6 —0.9 +2.5 356 366 —8.0° —1.4

LFQA 0.70/0.46 0.62/0.45 +34.2 +29.7 36/36 36/36 +0.6 —0.6 +0.6 —1.1 390 234 —-2.0 -—-0.6

USR-TC 0.65/0.53 0.65/0.56 +28.0 +25.6 32/36 32/35 +0.3 +1.1 —0.7 —0.1 475 73.0 0.0 —0.6

USR-PC 0.61/0.50 0.69/0.50 +18.8 +22.7 3536 36/36 +1.3 +1.7 +0.8 +1.6 313 446 —0.7 —1.7
Per-criterion Whole-rubric

(b) Pooled statistics

Least-agreeing judge pair above the best judge—label QWK (panels) S5of7 60of7

ELLIPSE: all four matched judges wrong; best-of-four selection (%) 64.0; 36.0 58.7;41.3
Negative panel offsets, five judges on seven ordinal panels 31 of 35 31 0f 35

Ordinal panels with every matched judge’s offset negative 6 of 7 6 of 7

ELLIPSE offsets of the matched judges, range (levels) —1.28to —0.77 —1.25to0 —0.67
Offset—gap Spearman p, 31 criteria (Figure G1) 0.924 0.918

Criteria more than 15 points below the reference; of these, offset below —0.5 12; 11 12; 11

Criteria with offset within 0.3 levels of zero; their largest shortfall (points)  15; 5.8 15; 4.8

Criteria (of 35) with all four offsets negative; positive 25;2 23;3
Leave-one-out shift: Spearman p of gap and offset (p) 0.16 (0.40) 0.09 (0.63)
Leave-one-out shift: worst shortfall from the unshifted reference (points) 8.4 10.4

Both shifted: criteria more than 5 points below; worst shortfall (points) 4;16.2 5;17.2

Confident errors: LLM verdicts repeating Jev’s wrong answer 242 of 252 (96.0%) 243 of 251 (96.8%)
Confident errors: independence baseline (%) 50.3 50.7

Top confidence band: repeated share; independence baseline (%) 80.5-92.8; 33.6-63.7  72.9-93.3; 38.5-62.8
Largest gain over the best single judge, cross-fitted thresholds (points) +1.5 (HealthBench)  +2.5 (HelpSteer2)
Largest gain over the best single judge, oracle threshold (points) +2.0 (HealthBench)  +42.6 (HelpSteer2)
Panels where the cross-fitted cascade trails the best single judge 60f9 50f9

Confident errors: three-LLM median gives Jev’s answer; the label 82 of 84; 1 83 of 83; 0
Four-judge upper median: largest gain (points) +1.0 (USR-PC) +2.8 (LFQA)

Table N5: The analyses of Sections 5 and 6 with per-criterion (P) and whole-rubric (W) LLM judges; Jev’s verdicts
are the same in both. (a) Judge—judge and judge—label QWK as in Table 2. Repeated errors: among the LLM
judges’ verdicts on pairs that Jev Choice got wrong, the share giving its answer, less the independence baseline
(Section 5.3). Confident errors repeated: LLM verdicts on the confident-error sample that give Jev’s answer, out
of those given; one DeepSeek verdict is missing on USR-TC with whole-rubric judgments. *HealthBench: Jev
Noul’s errors (Appendix J). Cascade columns as in Table 4: the oracle-threshold and cross-fitted cascade minus
the best single judge, in points, and the cross-fitted cascade’s cost for reaching the best LLM judge’s accuracy, as
a share of that judge’s own cost; a whole-rubric fallback is charged per unit (Section 6.2). Jury: the three-LLM
median minus the most accurate matched judge, in points (Section 6.2); §: its 95% interval lies below zero. (b)
Pooled statistics of Sections 5.1 to 6.2 and Appendix G. The ELLIPSE offset range runs from Luna to Gemini with
per-criterion judgments and from Jev Choice to Gemini with whole-rubric judgments. Both worst shortfalls fall on
FED-Dialogue informative in either mode. The four-judge upper median’s gain is over the most accurate matched
judge.

cades; on the ordinal panels DeepSeek is charged  dent errors that every judge scored, the three-judge
its billed cost per unit. median gives Jev’s wrong answer every time.

Juries. A median of the three whole-rubric LLM  The HealthBench physician reference. On the
judges is less accurate than the most accurate 50 HealthBench pairs with three or more physicians
matched judge on every panel, by up to 14.7 points ~ (Appendix D), whole-rubric Luna reaches 62.7%
(ELLIPSE), and its 95% interval lies below zero  against the leave-one-out targets, 24.6 points below
on RiceChem and ELLIPSE (Table N5a). With Jev ~ the physician reference, with a 95% interval of
Choice as a fourth juror, no gain has an interval ~ —45.7 to —5.3 points. It is the only judge in either
that excludes zero; the largest, 2.8 points on LFQA,  mode whose interval excludes zero. The intervals
has an interval from 0.0 to 5.9. On the 83 confi- of whole-rubric Gemini (86.5%, 0.8 points below)
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and DeepSeek (81.7%, 5.6 below) include zero,
and Jev’s values are unchanged. These pairs come
from 20 completions, so the result is fragile.

O Reasoning Effort

This appendix describes the effort runs and the cal-
ibration of Section 3.2 and gives the tables behind
the effort results of Sections 4.2 and 4.3 and the ef-
fort remarks of Sections 5 and 6. Throughout, Jev’s
verdicts, costs, and times come from the main runs,
as do Luna’s and Gemini’s values in the medium
condition.

Requests. The reasoning defaults of the main
runs stated in Section 3.2 are those the vendors doc-
ument.” In the effort runs, and in the calibration
runs that requested medium, every request named
a reasoning effort, medium or high, in LiteLLM’s
reasoning_effort parameter. LiteLLM, in ver-
sion 1.101.0, passes the value unchanged to Ope-
nAl as Luna’s reasoning effort, turns it into Gem-
ini’s thinking level of the same name, with thought
summaries requested, and forwards it to Open-
Router as the reasoning effort of each DeepSeek
request. The request parameters stored with every
cached response of these runs carry the level, and
those of the main runs carry none. For DeepSeek
the level is known only as requested. Everything
else repeated the main runs: the units, the model
identifiers, the temperatures, the logged seeds (so
every pair’s options appeared in their recorded or-
der), and the requests in flight (16 for Luna, 20 for
Gemini, and 32 for DeepSeek on the ordinal pan-
els, and 8 on the binary panels). Each run began
with an empty response cache, and a request could
run for 600 seconds before it timed out, against
60 seconds in the main runs. The effort and cali-
bration runs were all made on 27 September 2026,
and DeepSeek’s medium run overlapped its high
run in time. On RiceChem, two of DeepSeek’s
high requests received no reply and were not ended
by the timeout. Each time we stopped the runner
and restarted it from its checkpoint, which com-
pleted the pending units, so every pair has a verdict
record. The run’s summary, however, covers only

5Vendor documentation, accessed 27 September 2026:
https://developers.openai.com/api/docs/models/
gpt-5.6-1una (Luna), https:
//ai.google.dev/gemini-api/docs/latest-model
(Gemini), and https:
//api-docs.deepseek.com/guides/thinking_mode/
(DeepSeek).
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its last session, and DeepSeek’s high wall time was
therefore not measured.

Failures and costs. Table O1 sums each run over
the nine panels. Luna’s one failed request at high,
on ELLIPSE, was an infrastructure failure, and its
pair is excluded like any failed ordinal pair. Of
DeepSeek’s 17 failed requests at high, one returned
a reply that could not be parsed, and the other 16
fell in the unclassified category of the empty re-
sponses of its main run (Appendix A). On the bi-
nary panels the harness again recorded DeepSeek’s
failed requests as UNMET verdicts. Tables O3
and O4 keep them as verdicts, as Appendix A de-
scribes for the main runs, and setting them aside
instead would change no class or Holm result in
Table O3. Failed and hung requests left no usage
record, so any charge for them is missing from the
costs, as it is for the main runs.

Costs follow Section 3.4: list prices for Luna and
Gemini, which the harness applied alike in every
run, and OpenRouter’s billed cost for DeepSeek.
The harness’s own estimates for DeepSeek do not
compare across runs, because LiteLLM loads its
price map from the network each time it starts and
the map changed between runs. Two influences be-
sides effort move the costs. First, providers bill the
prompt tokens they serve from their prompt cache
at a lower price, so a run that repeats recently sent
requests pays less for its prompts. Luna’s cached
share of prompt tokens barely moved (79.7% in
its main run, 80.3% at high), Gemini reported no
cached tokens, and DeepSeek’s share rose from
67.5% to 76.0% at medium and 74.6% at high.
Second, OpenRouter routed DeepSeek differently
on the two dates. It sent the main run’s requests
mostly to Deeplnfra (1,316), Morph (1,311), and
Wafer (714), and those of both effort runs mostly
to Parasail (2,039 at high and 2,111 at medium)
and Together (1,286 and 1,269). We therefore com-
pare effort levels on tokens and on costs at fixed
prices, which price each run’s uncached prompt,
cached prompt, and completion tokens with one
table per judge: the list prices for Luna and Gem-
ini, and for DeepSeek the mean effective prices
of its main run’s billed responses. At those prices
DeepSeek’s high run would have cost 1.12 times its
main run and its medium run 0.85 times. Measured
against the medium condition, high effort raised the
cost by 25% for Luna, 108% for Gemini, and 33%
for DeepSeek as billed (Table O1b). DeepSeek’s
medium run used 0.82 times the main run’s comple-


https://developers.openai.com/api/docs/models/gpt-5.6-luna
https://developers.openai.com/api/docs/models/gpt-5.6-luna
https://ai.google.dev/gemini-api/docs/latest-model
https://ai.google.dev/gemini-api/docs/latest-model
https://api-docs.deepseek.com/guides/thinking_mode/
https://api-docs.deepseek.com/guides/thinking_mode/

Luna Gemini DeepSeek

Main High Main High Main Medium High
(a) Nine panels
Failed requests 0 1 0 0 9 6 17
recorded as UNMET 3 3 8
Abstentions 12 14 29 29 24 17 21
Prompt tokens 12,063,678 12,061,045 10,972,689 10,972,689 11,241,762 10,870,560 10,942,101
cached (%) 79.7 80.3 - - 67.5 76.0 74.6
Completion tokens 866,600 1,259,767 3,295,232 9,210,990 4,254,957 3,498,689 4,948,960
of which reasoning 502,270 891,451 2,981,135 8,879,115 3,946,419 3,156,795 4,603,531
Cost (US$) 1.84 2.30 20.59 42.77 4.18 4.44 5.90
ratio to Jev Choice 29 36X 325x% 675x% 66 x 70x 93 x
Wall time (s) 859 1,237 950 3,361 6,298 - -
ratio to Jev Choice 30x 43x 33x 117x 220x - -
(b) Ratio to the run in the column to the left
Completion tokens 1.45 2.80 0.82 1.41
Reasoning tokens 1.77 2.98 0.80 1.46
Cost at fixed prices 1.25 2.08 0.85 1.32
Cost as billed 1.25 2.08 - 1.33

Table O1: The LLM judges’ per-criterion runs, summed over the nine panels; every run recorded one request per
pair, 5,003 in all, although DeepSeek’s high run sent some of them again after its restarts (see text). Main: the main
runs of 19 September; Medium and High: the effort runs of 27 September (Section 3.2). Failed requests: requests
without a usable reply, of which the harness recorded DeepSeek’s on the binary panels as UNMET verdicts (next
row). Abstentions: answers of CANNOT_ASSESS or NA, not counting failures. Cached: the share of prompt
tokens that the provider served from its prompt cache; Gemini reported none. Reasoning tokens, counted within
the completion tokens, come from the cached responses; unlike Appendix A, Luna’s main-run count leaves out
the 70 spot-check responses that shared its cache. Cost: Luna and Gemini at list prices and DeepSeek at its billed
cost, with ratios to Jev Choice’s cost and wall time over the nine panels (Table B1); the wall-time ratios carry the
concurrency caveat of Section 4.2. DeepSeek’s wall time is given for its main run only, because that of its high run
was not measured and DeepSeek’s wall times are not compared across effort levels. (b) For Luna and Gemini the
high run over the main run; for DeepSeek the medium run over the main run and the high run over the medium
run, which was made the same day. Fixed prices: one price table per judge for every run (see text). DeepSeek’s
billed-cost ratio to its main run is left out because OpenRouter routed the runs of the two dates to different upstream
providers, so the difference between its billed main and high costs does not measure effort.

tion tokens and 0.80 times its reasoning tokens, and  default run’s share on the same pairs. If request-
its high run 1.16 and 1.17 times, against high-over-  ing an effort changed nothing, a run that requested
main reasoning-token ratios of 1.8 for Luna and 3.0 ~ one and the second default run, both made on the
for Gemini; DeepSeek’s high run used 1.5 times the ~ same day, eight days after the main run, would be
reasoning tokens of its medium run, which suggests  exchangeable with each other, and this difference
that its default was already close to high. Luna’s  would be zero in expectation. Pairs that a failed
and Gemini’s high runs took 1.44 and 3.54 times as  request touched in any of the runs compared are
long as their main runs with the same requests in  set aside: four of DeepSeek’s in its medium com-
flight, though on another day and with the longer  parisons and three in its high ones, in both cases
timeout. including the single pair of a HealthBench unit
whose second default run failed as a whole. The
second way uses tokens. For each unit, a run’s
completion tokens summed over the unit’s requests
are divided by the main run’s, and the table gives
the median of these ratios over units. For Luna and
Gemini each unit’s prompt-token count was also
identical in all four runs, which confirms that the
runs sent the same prompts.

Luna’s explicit-medium run used almost the
same completion tokens per unit as its main run

Calibration. The calibration ran each LLM
judge twice more on the 106 repeat units of
Section 3.2, once at medium effort (the explicit-
medium run) and once with no effort requested.
The latter repeats the main run’s requests eight
days later, and we call it the second default run.
The high runs cover these units too. Table O2 com-
pares each of the three runs with the main run in
two ways. The first is the share of pairs on which a
run returns the main run’s verdict, less the second
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Luna Gemini DeepSeek

(a) Pairs with the main run’s verdict (%)

Second default 83.6 97.0 80.4

Explicit medium 86.0 96.2 79.6

High 83.7 94.0 78.9

(b) Difference from the second default run (points)

Explicit medium +2.5 -0.8 -0.8
interval -1.1,4+6.0 -—-2.3,4+0.7 -=-3.6,+2.0
bound, class 54,- 2.0, parity 3.2, parity

High +0.2 -3.0 —-1.5
interval -2.9,43.2 —-5.2,—-0.9 —4.6,+1.3
bound, class 2.7, parity 4.8, both 4.1, parity

(c) Completion tokens per unit, ratio to the main run

Second default 1.01 1.03 1.05
Explicit medium 0.97 0.99 0.88
High 1.39 2.26 1.12

Table O2: Calibration on the 106 repeat units (529
pairs): each LLM judge’s second default run, explicit-
medium run, and high run against its main run. (a)
Identical verdicts as in Table N4. DeepSeek’s shares
leave out the pairs of failed requests (see text), 525 pairs
on 105 units in the medium comparisons and 526 in the
high ones. (b) The run’s share in (a) minus the second
default run’s, with its 95% interval from resampling
units, and bound and class as in Table C1; both: sep-
arated and at parity. (c) Median over units of a unit’s
completion tokens divided by those in the main run;
DeepSeek’s medians are over the 103, 105, and 106
units without a failed request in either run.

(median ratio 0.97, against 1.01 for its second de-
fault run), and it gave the main run’s verdict 2.5
points more often than the second default run did,
although on 529 pairs that difference is too uncer-
tain to show parity. Gemini’s explicit-medium run
matched its main run on both counts. Reading the
two judges’ main runs as medium thus rests on
agreement and tokens for Gemini and chiefly on
tokens for Luna. DeepSeek’s explicit-medium run
agreed with its main run at parity with the second
default run but spent fewer completion tokens per
unit (median ratio 0.88, against 1.05), while its high
run came closer to the second default run (1.12).
High effort raised the median ratio to 1.39 for Luna
and 2.26 for Gemini. Luna’s high verdicts still
agreed with its main run at parity with its second
default run, whereas Gemini’s agreed 3.0 points
less often, a separated difference that stays within
the 5-point margin.

DeepSeek’s baseline also absorbs eight days of
changes in serving. Although its requests repeated
those of the main run byte for byte, its second
default run’s prompt-token count matched the main
run’s on only 5 of 103 units. Its explicit-medium
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and high runs, made the same day as its second
default run, return that run’s verdict on 86.7% and
86.3% of the pairs, against 80.4% between the main
run and the second default run. Each of DeepSeek’s
effort runs is thus compared with a baseline that
spans the same eight days as its own comparison
with the main run.

Accuracy. Table O3a sets each judge’s high run,
and also DeepSeek’s medium run, against the same
judge’s main run over the pairs that both runs
scored. The intervals and classes are those of Sec-
tion 3.4, and for Holm correction the 27 high-effort
comparisons form one family and DeepSeek’s nine
medium comparisons another. Of the 27 high-
effort differences, 12 are positive and 15 nega-
tive. Twenty-three are at parity, two of them also
separated, two are separated without parity, and
two are inconclusive. The four separated differ-
ences are Gemini’s gain and DeepSeek’s loss on
ELLIPSE, Luna’s loss on LFQA, and DeepSeek’s
gain on USR-TC, and correction leaves only Gem-
ini’s ELLIPSE gain significant, in the bootstrap
and in both sign tests. Without ELLIPSE, Gem-
ini’s pooled difference turns negative. Among
DeepSeek’s medium comparisons, its ELLIPSE
loss and USR-TC gain stay significant after correc-
tion in pair-level sign tests but not in the bootstrap
or the sign test over units.

Table O3b sets Jev Choice’s comparisons with
the high runs beside those with the main runs. Nine
of the 27 change class. Three separations lapse (Jev
Choice’s lead over Luna on RiceChem, Gemini’s
lead on HelpSteer2, and Luna’s lead on USR-PC),
and no comparison becomes separated. Of Jev
Choice’s three separated leads at high, one is over
Gemini (RiceChem) and two over Luna (Health-
Bench and HelpSteer2), and Gemini keeps its two
(ELLIPSE and FED-Dialogue). In the medium
condition two comparisons become separated, both
with DeepSeek, which was never separated from
Jev Choice in the main runs: Jev Choice leads on
RiceChem by 3.3 points and DeepSeek on USR-TC
by 4.7. Neither stays separated at high.

Shared errors, cascades, and juries. Table O4
repeats the analyses of Sections 5 and 6 for each
condition. The shortfall of Section 5.1 persists
in all three: judge-label agreement stays below
judge—judge agreement on all seven ordinal panels,
and every offset of the five judges outside USR-
TC is negative. On USR-TC, Gemini’s offset of
—0.005 levels in the main runs becomes +0.02 at



High minus main run

Medium minus main run

Luna Gemini DeepSeek DeepSeek
Panel Diff  95% interval Class Diff  95% interval ~Class Diff  95% interval Class Diff ~ 95% interval ~Class
(a) Each judge’s accuracy
RiceChem +1.5 —0.2,43.2 parity +0.5 —0.7,41.7 parity —0.6 —2.7,+1.5 parity —1.6 —3.9,40.7 parity
HealthBench +0.7 —2.2,43.8 parity —0.7 —2.7,41.0 parity +0.5 —2.3,43.3 parity +2.0 —1.0,+5.0 parity
ELLIPSE +0.1 —1.3,4+1.4 parity +2.5% 41.2,43.7 both —1.9 —3.6,—0.3 both —2.3"  —3.9,-0.7 both
FED-Turn —2.5 —=5.2,+0.2 parity —-0.5 —2.3,+1.3 parity —1.7 —4.2,+0.8 parity —2.5 —5.0,0.0 parity
FED-Dialogue —1.7 —5.1,41.7 parity —0.4 —3.0,+1.7 parity —0.4 —5.3,44.7 Dparity -30 —-7.6,4+1.3 -
HelpSteer2 +1.9 -1.9,+5.8 - —2.3 —5.1,+0.3 parity —1.1 —5.4,+3.1 parity -2.0 -6.7,+2.8 -
LFQA —-3.1 —6.1,—-0.3 separated +1.1 —1.7,+3.9 parity +3.7 —-0.3,4+7.4 - +1.1 —2.3,+4.5 parity
USR-TC +1.1 —2.2,4+4.4 parity —0.8 —3.1,+1.1 parity +5.0 +0.6,49.7 separated +6.17 +1.9,+10.6 separated
USR-PC +0.3 —3.3,4+4.0 parity —0.7 —3.0,+1.7 parity —0.3 —3.7,+3.0 parity +2.7  —0.3,+45.7 -
Nine panels —0.0 —0.9,+0.8 parity +0.5 —0.1,41.2 parity —0.4 —1.3,40.6 parity —-0.7 —1.7,40.2 parity
Seven ordinal —0.5 —1.4,40.5 parity +0.7 —-0.1,+1.4 parity —0.4 —1.5,+0.8 parity —-0.8 —1.9,40.3 parity
Allbut ELLIPSE —0.1 —1.1,+1.0 parity —0.4 —1.0,40.4 parity +0.4 —0.8,+1.5 parity 0.0 —1.2,+1.2 parity
Luna Gemini DeepSeek

High Main High Main High Main
Panel Diff Class Diff Class Diff Class Diff Class Diff Class Diff Class
(b) Against Jev Choice
RiceChem —1.7 parity —3.2 separated —4.4 separated —4.9 separated —2.3 parity —1.7 parity
HealthBench —5.9 separated —6.7 separated +1.7 parity +2.5 - —0.2 parity —0.7 parity
ELLIPSE +0.7 parity 40.6 parity +18.9 separated +16.4 separated —0.3 parity +1.6 parity
FED-Turn -1.5 - +1.0 parity +3.2 — +3.7 - +0.5 parity +2.2 -
FED-Dialogue —2.1 - -04 - +7.4 separated +7.9 separated —2.2 — -1.7 -
HelpSteer2 —7.7 separated —10.2 separated +3.1 — +5.7 separated —3.4 - —-2.3 -
LFQA —0.3 parity +2.8 — +0.3 parity —1.1 parity 0.0 parity —3.7 -
USR-TC +1.4 - +0.3 parity +2.2 - +3.1 — +3.6 — -14 -
USR-PC +4.3 - +4.0 separated +3.7 — +4.3 - —0.7 parity —0.3 parity

Table O3: Accuracy by reasoning effort, with units resampled as in Table C1.

(a) Each LLM judge’s high run minus

its main run, and DeepSeek’s medium run minus its main run, in points, over the pairs scored in both runs and
measured as in Table N2; DeepSeek’s failed requests on the binary panels count as UNMET verdicts. Class as in
Table C1, with both marking a difference that is separated and at parity. }: significant after Holm correction within
the 27 high-effort comparisons, for the bootstrap p-values and for both sign tests; {: significant after correction
within DeepSeek’s nine medium comparisons, in pair-level sign tests only. The last three rows pool panels and lie
outside both corrections. (b) Each LLM judge against Jev Choice at high effort and in the main runs: the LLM
judge’s accuracy less Jev Choice’s, in points, and class, as in Table C1.

high. At high the least-agreeing judge pair also
exceeds the best judge—label QWK on USR-TC
and USR-PC, but no longer on ELLIPSE, where
it falls short by less than 0.01. Counting every
error of Jev Choice, the excess of repeated errors
over the baseline moves by less than 4 points on
each ordinal panel, most on LFQA. The confident-
error sample is the same in every condition, since
it depends on Jev’s verdicts alone, and on four
panels its cut-off splits errors of tied confidence
(Appendix J).

With oracle thresholds the cascade’s accuracy at
high fell on five panels, rose on three, and stayed
the same on HealthBench. Its gain over the best
single judge grew most on HelpSteer2, LFQA, and
HealthBench, each time because the best single
judge lost more accuracy than the cascade, whereas
on RiceChem the cascade itself improved, from
80.6% to 81.2%, with DeepSeek in place of Gemini
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as its fallback. On HealthBench the cascade with
Gemini as fallback is right on 331 of 406 pairs in
both conditions, and Gemini alone on 323 and then
320. Among its kept pairs, 15 are right for Jev
alone and 4 for Gemini alone at high (p = 0.019,
pair-level sign test), where the main runs had 18
and 10 (p = 0.18). Eleven of Gemini’s verdicts
on kept pairs changed, 7 from right to wrong and
4 from wrong to right. On the deferred pairs at
high, Gemini alone is right on 33 and Jev alone
on 16 (p = 0.021). With cross-fitted thresholds
the HealthBench cascade’s held-out accuracy fell
from 80.0% to 79.6% and the best single judge’s
from 78.5% to 77.3%. The halves chose Gemini
as fallback in 53 of 100 halves at high, against 71
in the main runs. The cross-fitted gain had already
risen to 1.8 points in the medium condition, where
only DeepSeek’s verdicts differ from the main runs.
On LFQA, Luna’s accuracy fell from 71.5% to



Best single, H

Oracle cascade, H

Oracle vs. best

Cross-fitted vs. best

Halvings

>0,H
Panel Judge Acc. Fallback Deferred Acc. M Med H M Med H
(a) Cascades
RiceChem Jev Choice 81.0 DeepSeek 148 812 —-04 402 +0.2 —-1.0 —-0.6 —-04 14
HealthBench ~ Gemini 78.8 Gemini 335 815 +2.0 +2.0 +2.7 +1.5 +1.8 +24 88
ELLIPSE Gemini 32.3 Gemini 999 323 00 00 00 -0.1 —-0.1 —-0.1 0
FED-Turn Jev Score  70.7 Gemini 972 647 —-52 —-52 —-6.0 —-73 —-7.0 7.7 0
FED-Dialogue Gemini 59.2 Gemini 858 592 0.0 0.0 0.0 —-09 —-0.7 4+0.2 50
HelpSteer2 Gemini 51.7 Gemini 30.1 534 +0.6 +0.6 +1.7 —0.9 —-0.9 +1.0 74
LFQA Jev Score  69.6 Luna® 344 709 +0.6 +06 +1.4 +0.6 +0.6 +1.8 98
USR-TC DeepSeek  71.1 DeepSeek 642 714 403 0.0 +0.3 —-0.7 40.1 +0.2 52
USR-PC Luna 74.6 Gemini 284 756 +1.3 +1.3 +1.0 +0.8 +0.8 —0.0 36
Matching the best Repeated errors, Jury
LLM judge, H excess (points) vs. best (points)
Oracle Cross- Held-
Panel Judge cost fitted cost out M  Med H M Med H
(b) By panel
RiceChem Luna - 57 +1.3 - - -28" —2.9° -18
HealthBench ~ Gemini 8.9 11.1 -0.1 - - - =22 =12 =17
ELLIPSE Gemini 100.0 99.7 —0.1 +86 +9.1 +8.0 -—12.8" —13.9" —16.2°
FED-Turn Gemini 97.2 482 —-1.7 4223 4237 +245 -02 =20 =20
FED-Dialogue Gemini 85.9 687 —2.0 +20.4 +20.6 +203 —3.1 53" —44
HelpSteer2  Gemini 7.8 218 —14 +32.0 +31.8 +31.6 —80" —6.97 —4.9
LFQA Gemini 48.0 248 +0.7 4342 +33.7 4306 —-20 -—-14 —0.3
USR-TC DeepSeek  52.3 50.5 —0.5 +28.0 +26.9 +28.6 0.0 +08 +40.3
USR-PC Luna 21.1 341 -0.6 +188 +18.7 +200 —-0.7 +0.7 =20
M Med H
(c) Pooled statistics
Jev Choice against an LLM judge (27 comparisons): separated, parity, 8,8, 11 10,7, 10 5,11, 11
inconclusive
Ordinal panels with judge—judge above judge—label QWK, of 7 7 7 7
Least-agreeing judge pair above the best judge—label QWK, panels of 7 5 5 6
Negative panel offsets, five judges on seven ordinal panels, of 35 31 31 30
Ordinal panels with every matched judge’s offset negative, of 7 6 6 6
Confident errors: LLM verdicts repeating Jev’s answer, of 252 242 (96.0%) 245 (97.2%) 245 (97.2%)
Confident errors: independence baseline (%) 50.3 50.4 51.2
Confident errors: repeats by Luna, Gemini, and DeepSeek, of 84 each 81, 80, 81 81, 80, 84 82, 80, 83
Confident errors: three-LLM median gives Jev’s answer, of 84 82 84 84

Four-judge upper median: largest gain over the most accurate matched

judge (points)

+1.0 (USR-PC) +2.3 (USR-PC) +1.7 (LFQA)

Table O4: The analyses of Sections 5 and 6 in the main runs (M), the medium condition (Med), and the high
condition (H). Jev’s verdicts are the same in all three. (a) Cascades as in Tables 4 and K1: at high, the best single
judge and, for the cascade with an oracle threshold, its fallback, deferred share (%), and accuracy (%); in each
condition, the gain of that condition’s best oracle-threshold cascade over its best single judge, and the cross-fitted
gain, in points; and the share (%) of the 50 halvings with a positive cross-fitted gain at high. “Luna and DeepSeek
tie as fallbacks (see text). (b) Matching the best LLM judge, with that judge chosen at high: the cost (%) of the
oracle-threshold cascade (as under Reaching the fallback, Appendix K) and of the cross-fitted cascade (as in Table 4),
and the cross-fitted held-out difference (points). Repeated errors: the share of the LLM judges’ verdicts on Jev
Choice’s wrong pairs that give its answer, minus the independence baseline (Section 5.3), on the ordinal panels.
Jury: accuracy of the three-LLM median less that of the most accurate matched judge (Section 6.2), with ¥ where
the 95% interval excludes zero on the negative side. (c) Jev Choice’s 27 comparisons with an LLM judge by class;
judge—judge against judge—label QWK and the offsets of the five judges, as in Table 2, on the seven ordinal panels;

the confident-error sample (Section 5.3); and juries.
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68.4%, which leaves Jev Score (69.6%) the best
single judge, and the cascade (70.9%) is 1.4 points
above it. Luna and DeepSeek tie as its fallback,
each giving 254 correct verdicts on the 358 pairs
at 7 = 0.6 with 123 pairs deferred. Jev alone is
right on 12 kept pairs and Luna alone on 3 (p =
0.035), or DeepSeek alone on 5 against 13 for Jev
(p = 0.096), where the main runs’ cascade had
2 against O on its 171 kept pairs (p = 0.50). On
HelpSteer?2 the cascade fell from 54.8% to 53.4%
at 7 = 0.4, but Gemini alone fell from 54.3% to
51.7%. Jev alone is right on 25 of its kept pairs and
Gemini alone on 19 (p = 0.45), where the main
runs’ cascade had 14 against 12 (p = 0.85). As
for the main runs (Table K2), these p-values are
nominal, uncorrected for the number of panels, and
computed at oracle thresholds. FED-Turn’s best
cascade defers 97.2% of its pairs and still trails Jev
Score by 6.0 points. When the best LLM judge of
the high condition is the fallback to be matched,
the cross-fitted cascade costs less than half of that
judge’s cost on six panels, 5.7% to 48.2%, with
held-out accuracy from 1.7 points below that judge
to 1.3 above; in the main runs it did so on seven
panels (Table 4).

The three-LLM median trails the most accurate
matched judge on eight panels at high, with 95%
intervals below zero on ELLIPSE and HelpSteer2,
and is ahead of that judge on USR-TC alone, by
one pair (0.3 points). In the medium condition
it exceeds that judge on USR-TC and USR-PC,
by 0.8 and 0.7 points. In no condition does the
three-LLM median or the four-judge upper median
have a 95% interval above zero against that judge.
At medium and high effort the three-LLM median
returns Jev’s wrong answer for every one of the 84
confident errors.

P Practical Recommendations

Table P1 turns the results into recommendations,
each marked with the status of its evidence.

Rubric wording and offset correction. The
rubric-writing rows of Table P1 rest on observa-
tions that we did not test by intervention. Top
levels worded as absolutes (“Entirely accurate”,
“Fully clear and internally consistent throughout™)
were read differently from the raters in both di-
rections. Jev Choice seldom used LFQA’s abso-
lute top factuality level, which the raters often
chose (Appendix H), whereas on five of its confi-
dent errors all five judges chose HelpSteer2’s ab-
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solute coherence top level where the label was
one level lower (Appendix J). Jev Choice never
predicts the middle level on FED-Turn correct
and fluent, whose texts state yes-or-no properties
(Appendix E). One global correction would not fit
every trait, since the per-trait ELLIPSE offsets in
Table P1 span more than a level.

Evaluating rubric judges. Beyond the rows of
Table P1, evaluations of rubric judges should sepa-
rate unanimous from split pairs before interpreting
errors, report each judge’s framing and decoding
rule (and, for an LLM judge, whether it judges a
unit’s criteria one at a time or together), and, when
attributing a property to one judge, compare several
judges on identical pairs. Evaluations of combined
judges, such as cascades and juries, should report
the share of repeated errors against an indepen-
dence baseline (Section 5.3) alongside any gain in
accuracy.



Recommendation Evidence Status

Consider Jev in place of a flash-tier LLM judge on Most accurate matched judge on RiceChem and measured
binary criteria like those of RiceChem and HealthBench second to Gemini on HealthBench; the LLM judges (two panels)
cost 18 (Luna, HealthBench) to 326 (Gemini,
RiceChem) times as much there

On ordinal criteria, expect Jev Choice to be within 5 6 of 21 comparisons at parity and 10 inconclusive; =~ measured
points of a flash-tier LLM judge in some comparisons  Gemini ahead on three panels, Luna on one, and Jev

and behind the best LLM judge on some panels Choice ahead of Luna on one

Consider Jev Score for ordinal criteria when abstention Jev Score separated ahead of Jev Choice on four measured
is not needed, and report Jev Choice for matched panels and never separated behind it; it cannot

comparisons abstain

Give Jev the verdict definitions (the wrapper) on binary +10.7 and +1.0 points over bare Noul measured
criteria

Offer an NA option on every ordinal criterion 28 abstentions in 3,414 pairs; P(NA) tracks human  observed

N/A answers (Spearman p = 0.62)

Check confidence per criterion before deferring on it Uninformative on ELLIPSE; AUROC 0.41 on LFQA observed
factuality

Use a Jev-first cascade to lower cost, and expect little ~ Largest cross-fitted gain +1.5 points (HealthBench;  measured
gain in accuracy +2.4 at high effort); on six panels, 16-48% of the (post hoc,
best LLM judge’s cost for at most 1.8 points less cross-fitted)
accuracy, and on RiceChem 6.6% of its cost for 1.2
points more

Do not expect a jury of these judges to beat the most Median of the LLM judges below or tied with that ~ measured
accurate matched judge judge on all nine panels; wrong with Jev on 82 of 84 (post hoc)
confident errors

Report the offset beside agreement, and judge—judge Table 2; Figure G1 observed
beside judge—label agreement

Validate a replacement judge on identical pairs, with Whole-rubric judgments changed the separation of 5 measured

enough pairs to be decisive and the judging mode held  of Jev Choice’s 27 comparisons (Appendix N)
fixed

On norm-referenced scales, supply exemplars Jev Choice’s per-trait ELLIPSE offsets —0.62 to not tested
—1.77 levels
Where labeled pairs exist, correct each criterion’s offset Worst remaining gap —8.4 points after the measured

leave-one-out shift of Section 5.1, and —16.2 when  (post hoc)
judges and raters both get their best shift

(Appendix G)
Avoid absolute top levels unless meant literally LFQA factuality (Table H1) not tested
Avoid three-level scales for yes-or-no properties FED-Turn middle level (Appendix E) not tested

Table P1: Recommendations and the status of their evidence. Measured: a paired comparison or an exact
computation from the recorded verdicts supports the recommendation on these panels, validated on held-out units
only where marked cross-fitted. Observed: the data show the pattern without a test of the recommendation. Not
tested: no experiment addressed it. The evidence is from the per-criterion main runs except where a row says high
effort; Section 4.3 and Appendices N and O give what whole-rubric judgments and high reasoning effort change.
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