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Abstract

When large language models serve as eval-
uation infrastructure, progress cannot be re-
duced to a single accuracy number. We
study winning-argument (WA) detection as a
stress test: can one system jointly improve
accuracy, enforce speaker-order invariance,
emit rubric-conditioned diagnostics, improve
a proper scoring rule, and cut inference cost?
TAPIR freezes a survey-grounded rubric into
a dual-artifact protocol, distils privileged sig-
nals by mode-split self-distillation, and pre-
dicts through an anti-symmetric scalar head
paired with a structured ledger. An algebraic
swap identity (Winning-Position Invariance,
WPI=1) holds on every test pair, and a tied-
order wrapper preserves it on the deployed
router. On the standard 807-pair WA split,
TAPIR beats our same-backbone Qwen3-14B
re-implementation of Labruna et al.’s MS-PS-
MLP, 65.80% vs. 58.12% (paired McNemar
p=3.41 x 10~%), at a lower Brier score and
39.41 x faster inference per pair. Reusing the
frozen protocol without retuning carries the
mechanism to a second task and a second back-
bone, both at WPI=1. Under domain shift it
only matches length-only controls, so we re-
port contract preservation rather than superior-
ity. The contribution is the joint contract under
a paired protocol, with an explicit amortisation
boundary, not a leaderboard delta.

1 Introduction

Ask an instruction-tuned judge which of two
Change My View replies changed the original
poster’s mind; then ask again with the two replies
presented in the opposite order. On the stan-
dard 807-pair winning-argument (WA) test split,
a single-pass Qwen3-14B judge gives an order-
dependent answer on 35% of pairs: its choice does
not follow the replies when they are swapped (em-
pirical swap-consistency 0.65, Table 2). Reporting
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accuracy under either ordering alone hides this en-
tirely, and prompt engineering can reduce it but
never rule it out.

That failure is the concrete form of a broader
question for this theme track: when large language
models stop being research prototypes and become
evaluation infrastructure, what should count as
progress? A judge for online persuasion is not
useful merely because it is accurate on a held-
out split; it must behave like a dependable com-
ponent of a larger research or moderation system
(Tan et al., 2016; Bozdag et al., 2026). Bavaresco
et al. (2025) show that LLM-human agreement
varies substantially across tasks, models, and eval-
uated properties, and conclude that judges must be
validated against human judgements before being
trusted. We ask the complementary question: once
a human-validated rubric exists, what can the judge
that consumes it be made to guarantee?

Four requirements. We answer with an infras-
tructure contract, stated before any notation. (i) Ex-
act swap behaviour: reversing the speaker order
must provably flip the verdict, not usually flip it.
(i1) No runtime rubric leakage: the rubric is fixed
and content-hashed before evaluation and never
re-enters the model at test time. (iii) Calibrated
rejection: confidence must be good enough, under
a strictly proper score, to support selective deploy-
ment. (iv) Inspectable diagnostics: the system must
expose a rubric-aligned account of what drove a
verdict—scoped explicitly below faithful explana-
tion. Prompted judges struggle on all four: they
re-query an LLM at test time, aggregate scores
externally, impose no algebraic relation between
the two orders, and can rationalize an answer after
producing it (Turpin et al., 2023), which makes a
test-time explanation weak evidence about the ver-
dict it follows (App. A quantifies this on our own
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backbone).

TAPIR. We therefore move the rubric out of test-
time prompting into train-time privileged supervi-
sion, freeze it before evaluation, and require the de-
ployed head to obey the task symmetry by construc-
tion. The novelty of the resulting system, TAPIR
(Theory-Aligned Persuasion-Invariant Rubric scor-
ing), is not any single learning algorithm but the
protocol-level integration of three components into
a jointly verified contract.

(C1) Algebraic invariance with a structured
audit ledger. An anti-symmetric scalar head
Zhead(OP; ra, T‘B) = —Zhead(OP, rB, T‘A) makes
speaker-order invariance exact for the verdict:
Winning-Position Invariance (WPI=1) is a struc-
tural guarantee, verified on all 807/807 WA test
pairs, and the deployed router inherits it through
a tied-order wrapper (§7.2). A ledger head de-
coded in the same paired forward pass exposes per-
strategy rubric-conditioned diagnostics—useful for
inspection, but not a human-validated strategy la-
bel or an account of the model’s internal reasoning
(Limitations).

(C2) Frozen-rubric privileged distillation.
The Dual-Artifact Frozen Protocol (DAFP) sep-
arates a frozen rubric P, built once from a pub-
lic persuasion survey (Bozdag et al., 2026), from
an operational input P°P® that excludes rubric text
at runtime. A privileged teacher sees P3¢ during
training; the student sees only P°P* and learns by
mode-split self-distillation (Vapnik and Izmailov,
2015; Zhang et al., 2019; Hinton et al., 2015), re-
moving the test-time rubric leakage that recurs in
LLM-judge work (Wang et al., 2024; Labruna et al.,
2026).

(C3) Paired evidence, every claim scoped to
its evidence tier. Table 1 is the map we ask read-
ers to hold us to. On the same backbone and test
split, TAPIR improves paired correctness over a
faithful MS-PS-MLP re-implementation (65.80%
vs. 58.12%), improves a strictly proper score, guar-
antees WPI=1, and runs 39.41 x faster per pair;
reusing the frozen protocol without retuning carries
the same mechanism to a second task and a second
backbone (§8). Where the evidence is weaker we
label it as such.

2 Background and Related Work

Winning-argument detection. The WA task
originated with Tan et al. (2016), who released

a curated Change My View (CMV)! test split
of 807 pairs in which one comment received a
A (signal of opinion change) and a non-A base-
line reply was matched on length and timing.
Subsequent work studied argument persuasive-
ness through feature-based ranking (Habernal and
Gurevych, 2016), reply-structure analysis (Dur-
mus and Cardie, 2018), and multi-factor persuasion
modelling (Durmus and Cardie, 2019). Labruna
et al. (2026) extended the Tan et al. benchmark
and proposed Multi-Strategy Persuasion Scoring
(MS-PS), which obtains 12 strategy-level scores
per pair (six per message) through 24 LLM calls,
augments them with per-message aggregate statis-
tics, and feeds the resulting 18-dimensional vector
to an MLP. Their best result (64.53% with 03) is
the published SOTA on this split.

LLM judges, paired scoring, and positional bias.
Pairwise LLM judges have known positional and
self-preference biases (Wang et al., 2024; Labruna
et al., 2026). Mitigations include permutation, vot-
ing, and ranking heuristics, but add cost and can
leave residual bias. Classical paired-comparison
models use score differences (Bradley and Terry,
1952); we use the same anti-symmetric principle
inside a neural judge. Because rationales can be
unfaithful (Turpin et al., 2023; Jacovi and Gold-
berg, 2020), the ledger is diagnostic output, not an
explanation.

Validating a rubric versus enforcing one.
Bavaresco et al. (2025) evaluate 11 LLMs against
human annotations on 20 datasets and find that
agreement varies substantially with task, model,
and judged property, concluding that judges must
be validated against humans before use. That work
and ours address different halves of one problem:
theirs is about constructing and validating a rubric,
ours begins once a rubric is settled and asks what
the judge consuming it can be made to guarantee.
Their finding is why we do not claim our frozen
rubric is correct for every community, and why
the ledger is scoped as a diagnostic rather than a
validated strategy label.

Calibration and selective deployment. Accu-
racy alone is insufficient: confidence must be cali-
brated (Guo et al., 2017; Naeini et al., 2015; Desai
and Durrett, 2020) and selective predictors should

"https://www.reddit.com/r/changemyview/ (ac-
cessed 2026-08-26); the underlying public Reddit archive is
distributed through Pushshift (Baumgartner et al., 2020).
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Claim Primary evidence

Why this test Scope and limits

65.80 vs. 58.12%, +7.68 pp, McNe-
mar exact p=3.41x107%

H1. Paired correctness

improves

H2. Probability quality ABrier=—0.0138, CI

improves [~0.0182, —0.0092], Ppoo<10™*

H3. The gain is not one  Stratified paired effects under Bonfer-

stratum roni and BH-FDR, pre-declared 12-test
family

H4. Order behaviour is ~ Algebraic swap identity, 807/807,

exact |€swap|=0

Same instances, correlated
binary outcomes

Strictly proper score; confi-
dence drives selective use
Secondary endpoints must
be multiplicity-aware

Qwen3-14B, WA test (n=807), vs.
same-backbone MS-PS re-run

ECE is a binning-sensitive comple-
ment, not pair-tested

Positive on all 4 topics (2 significant)
and, descriptively, 3 length tertiles

Structural claim, not a sig-
nificance test

Applies to the verdict; ledger cells
are not anti-symmetric

The protocol reuses
across task and backbone
The ledger is externally
useful

SummEval-pair +4.7 pp; Gemma-3-
12B +3.4 pp; WPI=1 in both
£=0.46 (human—human ceiling 0.51);
error AUROC 0.63—0.71

Paired CIs excluding 0, no  Two transfer cells; not universal gen-

retuning erality
Agreement plus error- Not a faithful account of model inter-
flagging utility nals

Table 1: Claim—evidence—scope map. Rows above the rule are the pre-declared primary hypotheses with the test
chosen for each (full multiplicity accounting in App. K). Two claims are deliberately weaker and are marked as such
wherever they appear: out-of-domain behaviour is contract preservation, not accuracy superiority (§8.2), and the
comparison with the closed OpenAl-o03 cell is unpaired context (§6.1). Effect sizes precede p-values throughout.

track it rather than maximise naive top-1 (Geif-
man and El-Yaniv, 2017; Kadavath et al., 2022), a
concern reinforced by surveys on hallucination (Ji
et al., 2023) and uncertainty (Lin et al., 2022).

Domain knowledge as a train-time-only re-
source. Curated human knowledge is known to
improve learned text models where purely data-
driven training plateaus, both as expert signals for
sentiment in corporate disclosures (Ng et al., 2026)
and as models of how sentiment-bearing usage
evolves rather than static dictionaries (Zheng et al.,
2024). There the knowledge is a permanent input,
engineered into features and available whenever
the model runs; we invert its availability. Com-
bining self-distillation (Zhang et al., 2019; Hinton
et al., 2015) with learning under privileged infor-
mation (Vapnik and Izmailov, 2015), we produce
privileged signals once from a public survey, freeze
them before the test split is touched, and withhold
them at inference. Withholding is what removes the
test-time rubric leakage recurring in LLM-judge
work (Wang et al., 2024) and what keeps the de-
ployed judge cheap.

3 Problem Setting and Notation

A WA pair consists of an opening post OP
and two replies r4,rp with a binary label y €
{A, B} recording which reply received the A in
the original CMV thread. The scalar head pro-
duces zpeaq(OP,7r4,75) € R and predicts A iff
Zhead > 0; the deployed router is reported sepa-
rately throughout. The head has Winning-Position
Invariance (WPI = 1) iff zpeaq(OP,rp,74) =
—Zhead(OP,74,7p) for every pair; for judges

without that algebraic property we report empir-
ical WPI, the fraction of pairs whose prediction
flips correctly under the speaker swap. Two arti-
facts, both frozen and content-hashed (SHA-256)
before any test access, define the protocol: the
frozen rubric P2 supplying privileged survey
context, and the operational input P°P* contain-
ing only OP,r4,rp at runtime, so that no test-
time rubric text can reach inference. The ledger
label schema uses K MS-PS strategy categories for
benchmark compatibility.

4 The TAPIR Method

Figure 1 lays out the protocol; the subsections be-
low formalise each stage in turn.

4.1 Anti-Symmetric Dual Output

We attach two heads on top of a shared Low-Rank
Adaptation (LoRA; Hu et al., 2022) augmented
Qwen3-14B backbone.

Scalar head. We replicate the forward in two or-
derings (OP,ra,rp) and (OP,rp,74). Let fy
denote the shared encoder and ¢ : R - R a
learned scalar projection on the verdict-position
hidden state. Writing pap = &(fo(OP,r4,7RB))
for brevity, we define

Zhead = PAB — PBA-

Anti-symmetry Zhead (OP,7B,74) =
—2Zhead(OP,74,7p) follows by elementary
algebra for any ¢ and fp, so WPl = 1 is a
structural guarantee, not an empirical finding.
We confirm as a sanity check that bf16 rounding
introduces zero residual (|eswap|=0) on all 807 test
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Training (Offline) |
Stage 0: Privileged Teacher (with rubric) Stage 1: Student with Mode-split Self-Distillation Stage 2: Clean Retraining
e v
ops (()(gprera:lona ) Teacher Outputs Mode-split Student Scalar Head Pops (Operational) E]
(No rl;brai’c :ext) sampling Model i| (anti-symmetric) |: (cleaned data)
Teacher Winner C D Lyl O > 2(A.B) =— 2(B,A)|i i
Probabilit
E Model r,é)r(‘;,l)l()l Y 50% Supervised (LLM + LoRA) » Student Model 0
E - 50% Distillation (K strategies) (LLM + LoRA)
Ptrace (Privileged) Strat ¥ v - ¥ ¢
; rategy
Frozen rubric o P «

(Survezy-grounded) (LLM + LoRA) Distribution Training Loss S_upervis‘ed _
— ar(klx) BCE Loss + JSD Loss Fine-tuning
(winner label) (strategy dist) (BCE Loss)

E Inference (Deployment) |
Input (Pops Only) Dual Forward Pass (Weight Sharing) Scalar Headl { Ledger Head l )
Router Final
| | I OP (Online Post)
(A,B) Shared Encoder Ah A A (GBM) Output
OP Zpg ——> 2132 33 K
> Tass LLM + LoRA }
E ra (Response A) c ) + a0 D D Tied-order ® Winner (A/B)
. . Zpg= —Z, Anti-symmetric
AB= ~ZA
— Weight Sharing I (WPI=1) Wrapper > @ Confidence
v (P(A wins))
E rg (Response B) (B,A) Shared Encoder Zen 8BSt Sf o Audit Ledger
OP, rg ,ra (LLM + LoRA) D D OO (K strategies)
(No rubric at inference)

Figure 1: The TAPIR protocol, in four stages. A frozen rubric P, built once from a public survey and SHA-256
hashed before any test access, supervises a privileged teacher (Panel A); its soft targets are distilled into a rubric-free
student that sees only P°P%; and the deployed student emits invariant outputs (Panel B). The rubric is visible only
inside Panel A—none is read at inference. Tied dual forwards make WPI=1 structural, and the anti-symmetric
wrapper carries it to the router, which returns a verdict, a calibrated P(A > B), and a K-cell audit ledger (a
rubric-conditioned diagnostic, not an account of model internals). Losses: §4.3; router features and Stage-2 detail:

App. E.

pairs (§7.2), verifying that both orderings share the
identical computation graph.

What ¢ means, and why the difference is
the right object. ¢(OP,r4,7rp) is an order-
conditional latent potential: the value the encoder
assigns to one particular presentation of the pair. It
carries no standalone reading such as “the quality
of r4” or “the score that 4 beats rg”, and it is
not separately identifiable. Decompose any scoring
function on ordered pairs into swap-odd and swap-
even parts, siz = %(SAB F spa). Adding any
swap-even function to ¢ leaves zpe,q unchanged, so
only the swap-odd component is identifiable from
order-consistent verdicts—and zpeaq = 2¢ 4 5 €X-
tracts exactly that component, the factor of two
being absorbed by the temperature calibrator of
§4.4. Discarding ¢ also costs nothing in risk:
Proposition 1. Let the evaluation distribution be
swap-balanced—each pair presented in both or-
derings with equal weight and correspondingly
negated signed label y € {+1}—and let { be any
convex margin loss. Then the two-order average
risk R(g) = 5E[l(y gaB) + £(—y gpa)] satisfies
R(s7) < R(s) for every s.

The proof is one application of Jensen’s inequal-

ity toysyp = 5(ysap) + 3(—yspa) (App. B).
Anti-symmetrisation is thus the projection onto the
swap-odd class: exact in behaviour and, up to that
calibrated scale, free in risk. We do not claim the
subtraction is a novel learning algorithm—it is a
reusable operator, and §7.3 reports what it does and
does not buy on its own.

Ledger head. The same paired forward pass
decodes a structured K-category ledger, one cell
per MS-PS strategy label, supervised through the
frozen survey context: the student predicts ¢*
over { A, B, tie} per strategy, and aggregating cells
gives a second decision channel (§7.3). The al-
gebraic guarantee covers the scalar verdict only.
Ledger cells are discrete diagnostics, are not anti-
symmetric, and may vary across orderings; we sur-
face the canonical (A, B) ledger and log both or-
derings for inspection (App. H).

4.2 Dual-Artifact Frozen Protocol (DAFP)

DAFP separates two roles a rubric usually plays at
once. P%a the frozen rubric, is extracted from
six survey blocks (App. D), content-hashed, and
frozen before any test access; it is seen only by
the privileged teacher, and the student ledger emits
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the K'=6 MS-PS strategy labels of this benchmark
family (Labruna et al., 2026). P°P5, the operational
input, is restricted to (OP,r4,7p) plus a frozen
feature transform that consumes no rubric text at
runtime. This instantiates the Vapnik—Izmailov
“two-window” principle of learning under privi-
leged information (Vapnik and Izmailov, 2015):
Ptrace jg the train-time window, P°PS the test-time
window, and the two are decoupled by construc-
tion so that no rubric can leak through inference.
That frozen separation is the qualitative difference
from prompt-engineered MS-PS methods, which
re-prompt a rubric at test time; both artifacts are
versioned and SHA-256-hashed, and readers can
verify them against the released manifest.

4.3 Mode-Split Privileged Self-Distillation

We train the student in three stages on the WA train
split, with all hyper-parameters frozen before any
inner-dev evaluation.

Stage 0 (privileged teacher). A LoRA-
augmented teacher consumes the privileged win-
dow (OP,ra,7rp, P"®) and emits soft targets
P2 € [0,1] and per-strategy categorical distribu-
tions ¥ over {A, B, tie}, k=1..6. The teacher is
trained to convergence and frozen before Stage 1.

Stage 1 (mode-split self-distillation). The
student consumes only the operational window
(OP,r4,rp) and defines ]3;4 = 0(Zhead,i) Itis
trained for F; epochs with a mode-split objective.
At every optimisation step a mode is drawn online
with probability 1/2: in the label mode the step
optimises binary cross-entropy (BCE) against the
gold label y, and in the distill mode it optimises
the Jensen—Shannon divergence (JSD) to the frozen
teacher’s Bernoulli (Bern) scalar target and its per-
strategy categorical (Cat) targets. No example is
permanently assigned to one objective: because the
mode is resampled each step, an example seen once
per epoch receives both gold-label and teacher up-
dates with probability 3/4 over three epochs, with
equal expected exposure to each. In expectation
over the mode draw,

Lyager = 3LocE (D], 1yi=A])
+ 3ISD(Bern(57!) | Bern (7))
K
+ %_ISD(Cat(d) || Cat(3F))]
k=1

Why split the modes instead of summing the
losses? A per-sample weighted sum has the same

objective in expectation, so what differs is the ge-
ometry of each update. Gold labels and teacher
targets disagree on a non-trivial fraction of pairs,
and when they do their gradients partly cancel in-
side a single step: cos(gpcg, gisp) < 0 on 33%
of early-training steps. Alternating lets each step
follow one signal cleanly rather than a partially self-
cancelling average. This within-step cancellation—
not a general variance-reduction argument—is the
narrower claim we can evidence, and a compute-
and exposure-matched three-seed control supports
it: the weighted sum reaches 63.4% against mode-
split’s 65.1% (A=+1.7 pp, CI excluding 0), with
a plateau within 0.6 pp for ratios from 40:60 to
60:40 (App. Q). The ledger signal cjf flows through
the same bounded distillation loss rather than a
separately scheduled auxiliary head (Zhang et al.,
2019).

Stage 2 (clean inner-dev retrain). The Stage
1 student is fine-tuned with BCE only on a train-
only inner-dev subset from which every pair whose
SHA-256 hash matches a test pair has been re-
moved; canonical validation and test labels are
never used here. This removes a possible CM V-
overlap confound before the student is frozen.

4.4 Post-hoc Calibration and Router

After Stage 2, three light-weight calibrators—a
temperature scaler on zpeaq, a gradient-boosted ma-
chine (GBM) router combining the scalar head with
the ledger majority, and a Brier-optimal blend—are
fitted on validation data only and selected by strict
5-fold cross-validated accuracy, with no test access.
The deployed model is the GBM router, which con-
sumes only operational student outputs at inference;
the unrouted zye,q is reported in ablations.

S Experimental Setup

Backbone and hardware. All training and in-
ference uses Qwen3-14B (Yang et al., 2025)
with FlashAttention-2 (Dao, 2024) on 2xNVIDIA
A800-SXM4 80 GB, in bf16 with LoRA (Hu et al.,
2022) and AdamW (Loshchilov and Hutter, 2019);
full settings are in App. E.

Splits and topic labels. Train/inner-dev/test fol-
lows the curation of Labruna et al. (2026); test is
the unmodified Tan et al. 807-pair split. Topic-
stratified analysis uses their four high-level topic
labels (sizes in App. J). A clean inner-dev retrain
hashes every train pair and excludes any colliding
with the test split, eliminating an overlap confound.
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Baselines. We compare against (i) Random (em-
pirical, 397/807 = 49.19%); (ii) Direct zero-shot
on Qwen3-14B; (iii) our MS-PS-MLP re-run on
QOwen3-14B—a faithful re-implementation with
two-step prompting aligned to the paper, 24 LLM
calls per pair, and the MLP hyper-parameters of
their Appendix O (sweep in App. F); and (iv) ver-
batim numbers from their Table 1 for 5 external
LLMs under all 6 MS-PS configurations (30 cells,
App. O).

Statistical reporting, and why each test is here.
The infrastructure claim dictates the evidence, not
the reverse. A judge is deployed on the same items
as its predecessor, so accuracy must be compared
paired on instances rather than as a difference of
independent rates: McNemar’s exact test (McNe-
mar, 1947) with paired-bootstrap 95% confidence
intervals (CIs) over 10,000 resamples (Efron and
Tibshirani, 1993). A judge whose confidence drives
abstention must be scored by a strictly proper rule:
Brier as the pair-tested endpoint (Guo et al., 2017;
Naeini et al., 2015), with expected calibration error
(ECE) as a binning-sensitive complement only. Ex-
amining several strata requires family-wise control:
Bonferroni and Benjamini—-Hochberg false discov-
ery rate (FDR) control (Benjamini and Hochberg,
1995) over a pre-declared 12-test family (App. K).
A structural property, finally, should be proved
rather than tested: WPI is verified algebraically.
Table 1 maps each hypothesis to its test.

Stylistic-typicality filter. Before any model-
selection decision consults the test split, we score
every WA test pair with a base-model perplexity
probe (Ji et al., 2023). A conservative double-
condition filter flags 111/807 pairs (13.8%); on
the remaining 696 the paired gain over the re-run
is +5.89 pp (95% CI [+1.44,+10.34], p=1.14 X
1072). All three same-backbone systems improve
on the flagged subset, so the flag tracks stylistic
typicality rather than contamination (App. L); we
read it as a robustness stratification, not a leakage
certificate.

6 Main Results

6.1 Controlled, Paired Comparison

The primary evidence holds the backbone fixed.
On the identical 807 test pairs of the unmodified
Tan et al. split (same 397/410 A/B label distribu-
tion) and the same Qwen3-14B weights, replac-
ing the 24-call MS-PS-MLP procedure with one

chance |

: +7.68 pp
TAPIR scalar only 65.30 p=3.4x10~
Direct zero-shot _ 53.28
Random (empirical) - 4:19419
T T T T T
50 55 60 65 70

WA test accuracy (%), n=_807

Figure 2: Controlled, paired evidence on the WA test
split (n=807); same Qwen3-14B backbone throughout,
single-method 95% bootstrap CIs. The 30-cell pub-
lished grid is unpaired context and is reported separately
in App. C.

tied-order TAPIR evaluation moves accuracy from
58.12% to 65.80%: a paired gain of +7.68 pp, with
non-overlapping single-method 95% bootstrap CIs
([62.58, 69.02] vs. [54.65, 61.46]) and McNemar
exact p=3.41x10~* (Figure 2). We report seed 42;
the three-seed mean is 65.1%, SD 0.7 pp (App. O).
The 58.12% baseline is the strongest of five MLP
seeds (five-seed mean 55.17%), so the gap is con-
servative.

Where this sits, and what that does not license.
The strongest published cell on this split is OpenAl-
03 + MS-PS-MLP at 64.53% (Labruna et al., 2026).
TAPIR’s 65.80% is numerically inside that band,
but the 03 cell releases no per-pair predictions, so
no paired test is possible and we assert no superior-
ity (App. C). A proprietary two-order rubric judge
we queried reaches 66.4%, 0.6 pp above TAPIR—
again unpaired context, and well inside the res-
olution of the comparisons we can actually run.
The controlled contrast establishes that the method
rather than the backbone’s raw capability produces
the gain; it does not establish a leaderboard win,
and we do not report one.

6.2 Robustness Across Topics and Length

Is the controlled gain concentrated in one sub-
population?  Figure 3 says no. The topic-
stratified paired gap is positive on all four top-
ics; it survives Bonferroni at «=0.05/12 on Gen-
der/Sexuality/Minority Rights (n=233, +14.16
pp, p=8.10 x 10~*) and BH-FDR at ¢=0.05 on
Food & Culture (n=166, +12.05 pp, p=1.05 x
1072), while the other two are positive but not sig-
nificant under either correction; Brier is nonethe-
less the lowest on every topic (App. J). By max-
imum reply-length tertile the gap is +2.23/ +
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10.04/ + 10.78 pp (Q1/Q2/Q3). Neither result es-
tablishes immunity to surface cues—App. R tests
that directly under strict stylometric matching—but
the gain is not confined to a single stratum of either
kind.

7 Analysis

Table 2 consolidates the headline numbers; we dis-
cuss each row through this section.

7.1 Inference Latency: 39.41x Speedup

On 1xA800 in bf16 without cross-order caching,
full deployed inference—dual AB/BA forward,
scalar head, ledger decoding, and router—costs
0.846 s per pair (n=200 profiled pairs, 95% CI
[0.811, 0.882]), against 33.33 s for the same-
backbone 24-call MS-PS procedure: a 39.41x
speedup (95% CI [37.78x, 41.08 x| over 10,000
paired-bootstrap resamples; App. Figure 7a), and
conservatively so, because MS-PS additionally re-
quires fitting an MLP head per backbone. With the
accuracy gain of §6.1 this is a Pareto improvement;
§8.3 states when it repays the training cost.

7.2 Algebraic and Deployed-Router WPI

Scalar-head WPI is algebraic. The identity
Zhead(OP, TA, TB) = _Zhead(OP; B, TA) holds
on every WA test pair with maximum residual
leswap| = 0 at bf16 precision: 807/807 flip cor-
rectly. Two natural alternatives only approximate it:
a double-pass swap-and-average ensemble reaches
~ 0.92 and a single-pass zero-shot judge ~ 0.65,
consistent with the positional bias reported by
Wang et al. (2024) (App. Figure 7b).

The deployed router inherits the guarantee.
The ledger head is a discrete decoder and is not
anti-symmetric a priori—empirically it flips on
only 58/100 pairs—so a router that consulted it
naively would forfeit the guarantee. We therefore
wrap the GBM in a tied-order anti-symmetric trans-
form, Ranti(Fup, Fra) = R(Fup) — R(Fy,), falling
back to 2peaq When Rapnti=0. This is exactly anti-
symmetric by construction, so the deployed ver-
dict flips on all 807 pairs; Appendix H gives the
derivation and Appendix I the end-to-end two-order
check on a stratified 100-pair sample (100/100 for
both the scalar head and the wrapper).

7.3 Components, and What the Bare
Operator Buys

The scalar, ledger, and router channels reach
65.30/64.81/65.80%, all far above no-distillation
(60.35%; App. P and App. Figure 6); removing
anti-symmetry, mode-split, or ledger distillation
costs —6.0/ — 1.9/ — 1.7 pp, and a DeBERTaV3-
large cross-encoder reaches only 58.4% (He et al.,
2023), a smaller-backbone control against a pure
large-backbone effect (App. Q).

The anti-symmetric operator alone is not
enough. Since Proposition 1 applies to any scor-
ing function, the same subtraction can be applied
post hoc to a prompted judge. On the identical
backbone that yields exact WPI=1 but only 57.6%
accuracy at Brier .248, against TAPIR’s 65.80% and
.233. The operator is therefore a general, reusable
contract rather than a TAPIR-specific trick—but on
its own it delivers neither rubric internalisation, nor
calibration, nor diagnostics.

The ledger is useful, at a moderate ceiling.
Two annotators labelling the dominant strategy on
200 test pairs agree with the ledger at k=0.46—
moderate in absolute terms, but close to the achiev-
able ceiling, since the annotators agree with each
other at only k=0.51 (difference 0.05, bootstrap
95% CI [—0.02, 0.12]). Persuasion-strategy attri-
bution is simply ambiguous. What matters for
deployment is external usefulness: adding ledger
features to the scalar score raises error-detection
AUROC from 0.63 to 0.71, retaining on ledger
evidence-validity rather than raw confidence raises
selective accuracy at 70% coverage from 70.0% to
72.1%, and a ledger anomaly multiplies the odds
of an error by 2.4 (CI excluding 1). We therefore
claim an externally useful rubric-conditioned di-
agnostic, and explicitly not a faithful account of
internals (App. S).

8 Generality and the Lifecycle Boundary

A single task-and-backbone cell cannot establish
a reusable contract. We therefore reuse the frozen
protocol—identical hyper-parameters, no test-set
search, no retuning—in three senses of “transfer”,
kept separate because they carry different strengths
of evidence (Table 3).

8.1 A Second Task and a Second Backbone

Framework transfer. We instantiate the same
three-stage protocol on a pairwise version of
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(a) By topic

(b) By reply-length tertile

+12.05 110.04 +10.78
Food & Culture (7=166) I O { BH-FDR 10
+2.30 2
Religion & Ethical Deb. (n=174) I @ i n.s. & 5
g +2.23
0
+2.14 3
Economics & Politics (n=234) I @ | n.s. g 0
& 62.45 65.80 69.14
+14.16 vs. 60.22  vs.55.76  vs. 58.36
Gender/Sexuality/Minority (n=233) I O | Bonf.
T T T T T Ql Q2 Q3
- 0 3 10 15 20 (short)  (medium) (long)

paired gap vs. re-run (pp), 95% bootstrap CI

Figure 3: Stratified paired gains over the same-backbone re-run. (a) By topic: forest plot of the TAPIR — re-run
accuracy gap with paired-bootstrap 95% Cls. Filled: Bonferroni-significant (a«=0.05/12); hollow: BH-FDR-
significant only (¢=0.05); grey: neither. (b) By maximum reply-length tertile (Q1-Q3), with absolute accuracies
below each bar; these strata are outside the pre-declared 12-test family and descriptive only. Panel (a) tests
Hy: Accrapir —AcCre.n=0; the gap is positive in every stratum.

System Acc %1 Brier] ECEJ| Zheada WPIT A vs.03 (unpaired) paired p vs.rerun  Bonf. sig.?  Protocol
Direct zero-shot (Qwen3-14B) 53.28 248 .033 0.65 —11.25 — — zero-shot
Labruna et al. (2026), Gemma-3-12B (best non-03) 63.69 — — — —0.84 — — published
OpenAl-03 + MS-PS-MLP (published best) 64.53 — — — 0.00 — — published, unpaired
MS-PS-MLP re-run on Qwen3-14B (ours) 58.12 247 .059 — —6.41 — - same backbone
TAPIR no-distillation ablation (ours) 60.35 232 .042 1.00 —4.18 3.42x107"  no BCE direct (no distill)
TAPIR (Zhead Only, ablation) 65.30 233 102 1.00 +0.77 6.92x10* yes unrouted
TAPIR (deployed router) 65.80 233 100 1.00 +1.27 3.41x107* yes deployed
Table 2: Headline comparison on the WA test split (n=807); “~” marks values that cannot be computed because

per-pair predictions were not released. The A column is relative to OpenAl-03 + MS-PS-MLP (64.53%) and is
unpaired for every row, since that cell released no per-pair predictions; the paired evidence is the p column instead.
WPI is the scalar-head swap identity; the router preserves WPI=1 via the tied-order wrapper (App. H). Paired
p: McNemar exact against the same-backbone re-run, Bonferroni a=0.05/12 (App. K). Brier is the pair-tested
endpoint: ABrier=—0.0138, 95% CI [—0.0182, —0.0092], ppoot<10~*. ECE uses 15 equal-width bins and carries
no paired claim, since a sharper predictor can incur higher binned ECE (Murphy, 1973). All TAPIR rows are seed

42; three-seed means in App. O.

Transfer Cell Base TAPIR WPI
Framework SummEval-pair, direct 584 63.1 1.00

SummEval-pair, no-distill ~ 60.2  63.1 1.00
Backbone WA, Gemma-3-12B MS-PS 61.8 65.2 1.00

Table 3: Protocol reuse across a task and a backbone,
both under the frozen WA recipe with no retuning; ac-
curacies in %. Base is the same-backbone control the
cell is paired against: a direct prompt (rows 1, 3) or the
no-distillation ablation (row 2). Bold marks a paired-
bootstrap CI on the gap excluding 0. The third sense
of transfer—the frozen model under domain shift—is
deliberately kept separate in Figure 4, because its evi-
dence is weaker.

SummEval (Fabbri et al., 2021), a within-
document summary-preference task whose rubric—
coherence, consistency, fluency, relevance—is
human-validated rather than survey-derived; splits
are by source document and the bootstrap is
document-clustered. Against a direct prompt on the

same backbone, TAPIR moves accuracy 58.4% —
63.1% (+4.7 pp, CI excluding 0) and Brier .251 —
.236 at WPI=1; against the no-distillation ablation
the gain is +2.9 pp, and rubric-at-test multi-call
baselines remain >10x slower. The informative
result is not the absolute number but that the or-
dering of the components is preserved: full > no-
distillation > direct, with no sign flip. That is what
distinguishes a protocol from a WA-specific recipe.

Backbone transfer. Holding the WA task and
every hyper-parameter fixed, we swap both back-
bones to Gemma-3-12B (Gemma Team et al.,
2025). Against the same-backbone MS-PS base-
line the deployed router improves 61.8% — 65.2%
(4+3.4 pp, CI excluding 0) at WPI=1 and 27.6x
faster inference, with a distillation contribution of
+3.5 pp against Qwen’s 4+4.9 pp over three seeds.
Both families stay positive and within ~2 pp of
each other, so the mechanism is not one family’s
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artefact—and this cell is a second fully public, fully
paired contrast.

8.2 Frozen-Model OOD: The Weakest Claim,
Stated as Such

Labruna et al. (2026) transfer MS-PS features only
by re-training a fresh MLP on 2,757 in-domain
Anthropic samples. We ask a stricter question:
does the same frozen WA judge, with no target-
domain supervision, keep its contract? On An-
thropic/persuasion (Durmus et al., 2024) pairified
by same-claim rating gap >1.0 (591 pairs), TAPIR
reaches 60.74% (95% CI [56.85, 64.64]), +10.66
pp over a prompted Qwen3-14B (p=1.84 x 10™%).
That is where the honest reading stops: because
Anthropic ratings couple persuasiveness with re-
ply length, a length-only rule (61.42%) and a WA-
trained surface GBM (60.91%) land in the same
band, and strict length matching does not separate
them (App. M). We therefore call this contract-
preserving transfer (Figure 4): across the shift
TAPIR alone retains the frozen ledger, algebraic
WPI=1, calibrated confidence, and 39.41 x faster
inference—not accuracy superiority over shallow
cues.

Semantic signal nevertheless sits underneath that
correlation. We build a cue-neutral slice (n=312)
using no TAPIR prediction, balancing labels within
length and surface strata (App. M). With the shal-
low correlation neutralised the controls collapse to-
wards chance—length-only 50.3%, surface GBM
52.6%—while TAPIR holds 58.7%, paired CIs on
both gaps excluding 0: a complementary signal is
detectable, but only once shallow cues are removed.
Built after seeing the aggregate result, this slice is
exploratory evidence, not confirmation.

8.3 When Is the Training Cost Worth It?

The 39.41 x figure is a marginal-inference number,
not a lifecycle claim. From the measured 43,200
GPU-seconds per training seed and 32.484 GPU-
seconds saved per pair against the 24-call MS-PS
baseline (App. N), one production seed breaks even
at ~1,330 pairs and three research seeds at ~3,990;
at 10k pairs total compute is ~6.5x lower for one
seed, ~2.4x for three. These thresholds are rela-
tive to a local multi-call baseline; a single-call API
judge has a different cost structure and a higher
break-even. Rubric maintenance stays cheaper than
retraining: a paraphrase leaving the taxonomy in-
tact costs —0.3 pp, and a light merge-or-delete edit
recovers 96.2% of accuracy for 28% of the com-

Length-only rule B8 Surface GBM Ml TAPIR (frozen)

65
S 614 609 607 +6.1 to +8.4 pp
> 60 58.7
Q
g
ot
S 5541
<
8 dhafies
S 50 +-F N A - - - - - -

All pairs (n=591) Cue-neutral (n=312)

Figure 4: Frozen-model OOD transfer on An-

thropic/persuasion, no target-domain supervision. On
all 591 same-claim pairs the three systems fall in one
band, no pairwise difference reaching significance, be-
cause the ratings correlate with reply length; on the cue-
neutral slice the shallow controls fall towards chance
while TAPIR holds its margin. A prompted backbone
reaches 50.08% on the aggregate slice (App. Table 4).

pute, with WPI=1 structural and needing no re-
verification.

Deployment rule. Use TAPIR when the rubric
is stable and one version will judge = 1.3k pairs;
prefer an untuned frontier judge for one-shot eval-
uations or fast-changing rubrics. A semantic re-
design of the taxonomy still requires retraining,
a boundary we state as part of the infrastructure
claim.

9 Discussion and Conclusion

The same-backbone contrast isolates the method
from the backbone’s capability, and the strength of
the surface controls identifies the contribution: a
shallow anti-symmetric baseline reaches 62.58%
on WA and can satisfy the swap contract (App. G),
and a length-only rule matches TAPIR’s aggregate
accuracy under domain shift. What none provides
is the conjunction of Table 1: a frozen hashed
rubric, an algebraically exact verdict, a pair-tested
proper score, a self-flagging ledger, and cheap
marginal inference. Reading progress as that con-
junction rather than a single accuracy delta is this
paper’s theme-track point, and it is what makes
TAPIR a protocol rather than one tuned system,
reusable without retuning on a second task and
backbone. The contract is bounded by rubric sta-
bility and by the rubric’s own quality, which we
enforce but do not validate (Bavaresco et al., 2025).
Within those bounds, what we offer is not a better
number but a judge that is checkable before it is
trusted.
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Limitations

We state the scope of the evidence, following the
map in Table 1.

Seed protocol. Three deterministic seeds
{7,42,2026} are the maximum feasible on our
2x A800 allocation. For symmetry with how we
describe the baseline, the headline 65.80% is the
best of those three, as the baseline’s 58.12% is the
best of its five; per-seed means, the smaller seed-
to-seed spread, and the per-seed WPI and Brier
checks are reported in App. O. Three seeds cannot
characterise the tail of the seed distribution.

Pre-training exposure. The WA test split de-
rives from data public since 2016 and our back-
bones’ pre-training corpora are undisclosed, so we
cannot rule out that the test pairs were seen during
pre-training. The stylistic-typicality stratification
of App. L bounds the effect on the paired contrast—
the gain survives on the clean subset—but cannot
establish freedom from exposure. The limitation
applies equally to the baseline, which shares the
backbone.

Post-hoc analyses. The transfer cells, cue-
neutral slice, and mechanism ablations were speci-
fied after the WA results were known and lie out-
side the pre-declared 12-test family (App. K); we
report them as exploratory evidence, not confirma-
tory tests.

Backbone and task scope. The evidence covers
two open backbones (Qwen3-14B, Gemma-3-12B)
and two pairwise judging tasks (WA, SummEval-
pair). That shows the mechanism is not one model
family’s artefact and not one task’s recipe, but it is
not evidence of universal generality and we do not
claim it. We have not tested rubrics far from per-
suasion and summary quality, backbones outside
the 12-15B range, or non-English data.

Lifecycle boundary. The contract is bounded by
rubric stability. The amortisation in §8.3 assumes
a fixed rubric version over = 1.3k pairs; wording
and light taxonomy edits are cheap, a semantic re-
design requires retraining, and for one-shot evalua-
tions an untuned frontier judge remains preferable.
Our machinery enforces a rubric; it does not estab-
lish that the rubric is right for a given community
(Bavaresco et al., 2025).

Domain shift. Under the Anthropic/persuasion
shift, accuracy is in the same band as length-only
and surface controls, and only the cue-neutral slice
separates them (§8.2, App. M). The aggregate OOD
number is contract preservation, not an accuracy

result; deployment to a new community should
repeat the frozen-protocol validation.

Outcome proxy. The WA label is the observed
A award, a standard proxy for opinion change in
CMV studies (Tan et al., 2016); our claims concern
predicting that observable outcome, not persuasion
in general.

Ledger interpretation. The ledger head is su-
pervised by the teacher’s per-strategy distribution
over the frozen rubric, not by independent human
annotation. We interpret it as a rubric-conditioned
pseudo-trace and claim only its accuracy contri-
bution and its error-flagging utility, not faithful-
ness to model internals or one-to-one agreement
with human strategy labels; we recommend task-
specific human spot checks wherever verdict stakes
are high.

Ethical Considerations

TAPIR is a structured diagnostic triage instrument,
not a generator of persuasive content. Even so, a
calibrated persuasion score is in principle a reward
signal an upstream LLM could optimise against,
inverting TAPIR’s purpose into a manipulative-text
booster. We therefore (i) release a model card
recording intended use, prohibited use, evaluated
domains, calibration ranges, and known failure
modes; (ii) prohibit deployment as a direct reward
signal for content generation or as a covert mod-
eration arbiter, and advise against reward-model
use without an independent oversight head and
content-policy filter; and (iii) release the proto-
col artifacts (frozen rubric, per-pair ledger, cal-
ibration score, data provenance, contamination
probe, length-controlled subset) so that practition-
ers can inspect why a verdict was produced. In
moderation or educational settings we recommend
TAPIR as a decision-support signal with human
review for high-impact cases, especially where
topic, norms, or demographic context differ from
the CMV-derived training distribution. Because
that distribution reflects one community’s domi-
nant style, future work should evaluate subgroup
fairness across non-native speakers, dialectal varia-
tion, and minority rhetorical styles. Concrete miti-
gations are stratified error-rate audits across author-
demographic proxies before deployment, a “reject-
to-human” fallback below a community-specific
confidence threshold, and periodic recalibration
when the deployment population shifts.
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A Why the Verdict Is a Logit, Not Text

A 200-pair Qwen3-14B pilot motivates routing
the verdict through a continuous logit rather than
generated text. An ex-ante commitment—a win-
ner named in <12 tokens before any reasoning—
completes on 53% of pairs, whereas gold-anchored
post-hoc rationalisation completes on 100%, a gap
of 447 pp. This measures completion of a con-
strained protocol, not explanation correctness, so
we use it only as motivation; its direction never-
theless matches Turpin et al. (2023), in that fluent
justification is far easier to elicit from an aligned
model than an early committed decision. TAPIR
side-steps the asymmetry entirely by training the
decision channel directly on labels.

B Proof of Proposition 1

Let s be any real-valued scoring function on or-
dered pairs, with swap-odd part s, 5 = %(s AB —
spa), and let £ be convex. Because s~ is swap-odd
we have s;, = —s,p5, hence —y sz, = ysyp
and the two terms of the two-order risk coincide:

R(s7) = E[l(ys,p)]-
Writing the argument as a convex combination,
ysaip = 3(ysaB) + 5(-yssa),

convexity of £ gives l(ys,z) < %K(y sAB) +
$0(—y spa) pointwise. Taking expectations yields
R(s7) < R(s). O
Three remarks. First, the bound is an inequal-
ity rather than an identity: antisymmetrisation can
strictly reduce risk when £ is strictly convex and s
is non-zero with positive probability, while for a
merely convex ¢ (for instance the hinge) equality
can hold even when s™ # 0. Second, the state-
ment concerns a convex surrogate risk averaged
over both orderings, which is not the same object
as the single-ordering 0/1 accuracy we report in
the tables; it says that discarding ¢ costs noth-
ing in surrogate risk, not that antisymmetrisation
cannot lower accuracy on a particular split. Third,
the result is about the operator, not about TAPIR:
it holds for any s, including a prompted judge’s
log-odds, which is why we report the post-hoc anti-
symmetrised prompt as a baseline in Table 8 rather
than treating the subtraction as our contribution.

C Published-Grid Context (Unpaired)

Figure 5 places TAPIR against all 30 published
cells of Table 1 in Labruna et al. (2026) (5 ex-

67.57  TAPIR 65.80

65.0 1 % 03 64.53
62.5
60.0

57.5 - ‘Q\\onl% re-run 58.12

55.0

WA test 807 accuracy (%)

52.5 7
50.0 1

Unpaired: closed 03 per-pair prédictions unadvailable
T T T T T T
Indep. +Ctx +Expl. +Ctx+ MS-PS MS-PS
Expl. AVG MLP

Figure 5: Unpaired published-grid context. The 5 LLMs
x 6 MS-PS configurations of Table 1 in Labruna et al.
(2026), with the closed OpenAl-03 + MS-PS-MLP cell
(64.53%, star), the same-backbone MS-PS re-run (di-
amond), and TAPIR (line, 65.80%). No paired test is
possible against any published cell.

ternal LLMs x 6 MS-PS configurations) on the
same 807-pair test split. Each published system
is reported with its own best configuration, which
is the standard published-paper protocol but not
a paired comparison: per-pair predictions are re-
leased for none of these cells, and the strongest of
them (OpenAl-03 + MS-PS-MLP, 64.53%) runs
behind a closed API whose compute footprint is
unreported. We therefore use this figure only to
locate TAPIR in the published accuracy band, and
we draw every significance claim in the paper from
the same-backbone contrast of §6.1 instead.

D ARR-Aligned Reproducibility

We follow the ACL Rolling Review Responsible
NLP Research checklist (ACL Rolling Review,
2024). The released artifact bundle contains a
full manifest, while the paper refers only to se-
mantically meaningful artifact groups. The man-
ifest organizes the release into four reproducibil-
ity bundles: (i) protocol artifacts (rubric hashes,
split hashes, frozen prompt versions, and router-
feature schema); (ii) prediction artifacts (per-pair
WA and OOD predictions for TAPIR and same-
backbone baselines); (iii) statistical artifacts (Mc-
Nemar, bootstrap, FDR, Brier, ECE, Wilcoxon, and
OOD orientation-sanity reports); and (iv) verifi-
cation artifacts (WPI verification, contamination
probe, wall-clock benchmark, length-bias probe,
and per-topic calibration). Each manifest entry
records schema, row count when applicable, and a
machine-computed SHA-256 hash, so readers can
verify file integrity while the main PDF remains
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Head/router envelope (oracle is upper-bound, not deployable)

Scalar only +

Ledger only -

Scalar+Ledger |
majority
Deployed router - 65’80 +4.96 pp headroom
= - 70.76
Per-pair oracle + <>rll(l;/m)s(,u: only
T T T T T 1
64 66 68 70 72 74

WA test 807 accuracy (%)

Figure 6: Head/router envelope on WA test (n=807). From left: the scalar head alone (65.30%), the ledger
majority alone (64.81%), a rule-based scalar-plus-ledger-majority combination (65.30%), the deployed GBM router
(65.80%, blue), and a per-pair oracle (70.76%, hollow diamond). The first, second, fourth, and fifth of these are
the corresponding rows of Table 7; the rule-based combination is shown only here, to make clear that the learned

router—not any fixed voting rule

is what recovers the extra +0.50 pp. The oracle resolves head disagreements

(11.4% of pairs) and is a diagnostic upper bound: the +4.96-pp headroom motivates future router design and is not

claimed as deployed performance.

OOD system (n=591) Acc % WPI Ledger paired p vs. TAPIR

5000 — — —
61.42 1.00 n.s.
60.91 1.00 n.s.

Random

Length-only rule (longer wins)
Anti-symmetric surface GBM (WA-trained)
Direct Qwen3-14B (anti-symmetrised prompt) 50.08 1.00
MS-PS-MLP fixed-orientation diagnostic 1591 —

—  1.84x107*
60.74 1.00 v —

TAPIR (frozen, scalar head)

Table 4: OOD ladder on Anthropic/persuasion (n=>591).
Ledger marks systems carrying a frozen rubric-
conditioned audit ledger. For paired comparability every
system’s verdict is read off the same anti-symmetric
difference, g=sign(¢(OP,r4,75)—¢(OP,rp,r4)),
where ¢ is that system’s own score; this is an evalua-
tion convention and does not give the baselines TAPIR’S
trained head. TAPIR’s +10.66-pp gap over the back-
bone prompt is paired-McNemar significant; length-
only/surface controls match the band because ratings
couple with reply length (Durmus et al., 2024), so
the contract TAPIR uniquely preserves under the shift
is the frozen-rubric protocol plus audit ledger (§8.2,
App. M). MS-PS-MLP is a fixed-orientation diagnostic;
its 15.91% (below chance) suggests prompt-engineered
strategy features may undergo polarity inversion on
OOD data.

concise and readable. A content hash certifies that
areleased file is byte-identical to the version used
in our evaluations; it does not by itself date that file.
The ordering claim—that the rubric and splits were
fixed before the test split was scored—therefore
rests on the release manifest and commit history,
and we state it as a property of our protocol rather
than as something the hashes alone establish.

Survey-to-ledger mapping. The frozen privi-
leged context contains six survey-derived blocks:

B1 theoretical frameworks (Bozdag D1), B2 prac-
tical principles (D2), B3 design guidelines (D3),
B4 open-ended strategy evidence (O1), BS linguis-
tic operationalisations (02), and B6 argumentative
operationalisations (O2). The downstream ledger
uses the six MS-PS strategy labels for compatibil-
ity with the WA benchmark family; the mapping is
therefore survey-to-supervision rather than a claim
that Bozdag defines a closed universal six-strategy
taxonomy.

Frozen rubric file hashes. The supplementary
manifest records machine-computed SHA-256
hashes for the Bozdag source PDF, the frozen-pack
YAML, and the comparison/audit report. This file-
level hashing is the release-time integrity check;
block-level identifiers inside the YAML are treated
as extraction metadata rather than as publication
claims.

Reproducibility key and provenance boundary.
The main reproducibility-critical fields are ex-
posed directly rather than only through the archive:
train/inner-dev/test follow the Labruna/Tan split
with the unmodified 807-pair test set; the
router feature schema is {2pcaq, ledger majority,
evidence-validity rate, parse-status flags, confi-
dence summaries }; the GBM router uses 705 =>50,
max depth 2, and learning rate 0.1; and all headline
systems are reported with archived per-pair pre-
dictions, McNemar tables, paired-bootstrap rows,
and seed identifiers. The frozen-rubric artifacts
are fixed before test access; validation data are
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used only for temperature scaling, GBM fitting, and
Brier-optimal blending, never for selecting rubric
blocks or teacher targets. This separates immutable
provenance (survey blocks, prompt versions, split
hashes, teacher/student outputs) from validation-
only calibration choices. Ahead of the conference
we release, under a permissive research licence, the
frozen rubric YAML, per-pair prediction CSVs for
every reported system and seed, all statistical test
outputs, the SHA-256 verification manifest, train-
ing and evaluation code, LoRA adapter weights
for all three seeds, frozen teacher logits, the GBM
router configuration, and the exact prompt tem-
plates, enabling complete reproduction of both the
statistical results and model training.

E Implementation Details

Training. LoRA rank 16, alpha 32, dropout 0.05
on {g,k,v,0,up,down} projections; AdamW
(Loshchilov and Hutter, 2019) with peak learning
rate 2x1074, cosine schedule and 3% warmup;
effective batch size 32 (16 per GPU x 2 A800
GPUs with gradient accumulation 1); maximum se-
quence length 2,048 tokens (post covering 99.6%
of WA pairs without truncation). Stage O trains
the privileged teacher for 3 epochs; Stage 1 trains
the student for 3 epochs with 1:1 BCE/JSD mode-
split over scalar and ledger distributions; Stage 2
retrains on the clean inner-dev split for 1 epoch at
the same learning rate. The ledger head is a K=6
set of independent three-way linear classifiers on
the shared verdict-position hidden state (d=5,120
for Qwen3-14B), each predicting ¢* € A? via soft-
max. The GBM router uses n.ix=>50, max depth
2, learning rate 0.1, fit on 5-fold cross-validated
inner-dev features (scalar logit, ledger majority,
evidence-validity rate, confidence summaries).

Inference. We use bf16 with FlashAttention-2
(Dao, 2024), reuse the same adapter across the
two anti-symmetric orderings, and compute the
scalar score and ledger output from the same shared
backbone representation.

F Hyperparameter Sweep on Labruna
Re-run

We replicate the MS-PS-MLP of Labruna et al.
(2026) exactly, with hyper-parameter sweep over
{n, h,parop} (Appendix O of Labruna et al.
(2026)). On Qwen3-14B the best re-run reaches
58.12% (95% CI [54.65, 61.46]); the hyper-
parameter choice is stable to within =0.4 pp, al-

though the MLP’s random seed is not (App. O
reports a five-seed spread of 1.95 pp). The sweep
is fixed before any test access, so both the re-run
and TAPIR were tuned on the development split
only.

G Surface-Feature Supervised Sanity
Check

To separate TAPIR’s mechanism from simple
dataset cues, we train small supervised baselines
on WA train using only reply length, lexical di-
versity, punctuation, discourse markers, pronoun
counts, negation counts, and pairwise feature dif-
ferences. An unconstrained logistic model reaches
63.07% on WA test and an unconstrained shallow
gradient-boosted model reaches 63.82%, both be-
low TAPIR’s 65.80% and the strongest published
OpenAl-03 MS-PS-MLP cell (64.53%); paired Mc-
Nemar between the unconstrained GBM and TAPIR
yields p=2.74 x 10~! on the 807 test pairs (102
TAPIR-only correct, 86 surface-only correct). This
diagnostic is informative precisely because the WA
test contains strong length and discourse-marker
signal: it shows why a Theme Track contribution
should be judged by a reusable contract rather than
accuracy alone.

We additionally fit a stronger control: an anti-
symmetric calibrated surface baseline. It repre-
sents each pair by an A— B surface-feature differ-
ence vector d, trains a shallow classifier G on WA
train, and deploys the score

Sewrt(d) = logit G(d) — logit G(—d),

with a validation-only temperature. This wrap-
per gives the surface control exact swap consis-
tency (WPI=1). Its best variant reaches 62.58%
accuracy, Brier 0.228, and ECE 0.046; TAPIR
is +3.22 pp higher in accuracy (paired McNe-
mar p=5.92x 1072, the TAPIR-vs-anti-symmetric-
surface comparison). The surface control is there-
fore a strong benchmark diagnostic rather than a
replacement: it can satisfy the formal swap contract
and produce well-dispersed probabilities from shal-
low cues, but it does not match TAPIR’s accuracy,
has no rubric-conditioned audit ledger, and does
not instantiate the frozen-rubric judge studied in
this work. The contribution is thus not that shallow
cues are absent, but that TAPIR satisfies the broader
infrastructure-grade contract while matching or ex-
ceeding the strongest WA accuracy band.
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H Anti-Symmetric Routing Wrapper

Throughout, A and B are the two fixed candidate
replies in a pair; Fy, and Fj, denote the feature
vectors emitted by one tied-order TAPIR forward
in the two prompt orderings (A-first and B-first),
each comprising the scalar logit, ledger major-
ity, evidence-validity rate (the fraction of ledger
cells with non-tie strategy assignment), parse-status
flags, and confidence summaries. Let R(F") be the
calibrated GBM probability that the candidate ap-
pearing in the first slot is the winner, trained on the
validation split. We deploy the symmetrised score
Ranti(Faba Fba) - R(Fab) - R(Fba>7

and predict A iff Ran; > 0, with a fall-back to
Zhead When Ry,1i=0. Substituting the swap pair
shows that Ranti(Fpa, Fup) = —Ranti(Fab, Foa)
identically; combined with the algebraic anti-
symmetry of zyeaq, the deployed verdict flips on
every speaker swap by construction. The wrapper
does not change the GBM’s learned features and is
applied without re-fitting on test labels.

The wrapper is the formal object that delivers
deployed-router invariance; §1 reports the empirical
sanity check.

For user-facing diagnostics, we surface the
ledger decoded in the canonical dataset order
(A, B) and store the swapped-order ledger only as
an audit artifact. This policy keeps the displayed di-
agnostic stable for a fixed pair identifier while pre-
serving the stronger verdict-level guarantee through
Ranti-

I Empirical WPI Verification on a
Stratified Sample

The scalar-head WPI=1 identity is verified on the
full WA test split (807/807 flips correctly under
speaker swap; maximum anti-symmetry residual
|eswap|=0 at bf16 precision; reported in the arti-
fact manifest). To additionally check the deployed-
router behaviour, we run TAPIR end-to-end in
both speaker orders on a stratified 100-pair sample
drawn from the WA test split: 30 pairs on which
the deployed router routes the verdict to the ledger
channel (rather than the scalar head) and 70 pairs
on which it routes to the scalar head, drawn at a
fixed seed. For every pair we record the scalar
logits 22,202, and the ledger logits zl"gl;, zf’g‘fr in
both speaker orders and compute three empirical
anti-symmetry rates.

The scalar-head empirical rate is 100/100,
matching the algebraic identity. The ledger-head
empirical rate is 58/100, consistent with the ab-
sence of an algebraic guarantee: the structured
XML decoder is a discrete classifier that has no
built-in equivariance under speaker swap, and its
empirical 58% flip rate confirms that any deployed
system that delegates the verdict to ledger output
cannot inherit WPI=1 from the scalar head alone.
The anti-symmetric wrapper R,y attains the pre-
dicted 100/100 flip rate. On the same stratified
sample we also record the wrapper’s fall-back be-
haviour: Rapnt;=0 occurs on 58/100 pairs (so the
wrapper falls back to zpe,q and inherits WPI=1
from the algebraic scalar head), and the GBM prob-
ability is strictly different across orderings on the
remaining 42/100 pairs (the wrapper itself flips,
SatiSfying Ranti(Fbm Fab) = _Ranti(Fabu Fba))-
On both subsets the deployed verdict is identically
anti-symmetric. The wrapper therefore achieves
the exact decision-flip property that the rule-based
ledger-override router cannot algebraically guaran-
tee, while preserving the empirical accuracy of the
deployed system on the WA test (65.80%, Table 2).
The combination of (i) algebraic invariance for the
scalar head, (ii) the wrapper for the deployed router,
and (iii) the empirical sanity check on 100 stratified
pairs answers the deployed-router invariance ques-
tion raised against pairwise LLM judges (Wang
et al., 2024; Labruna et al., 2026): the deployed
verdict is exactly invariant under speaker swap.

J Per-Topic Calibration Detail

Table 5 extends §6.2. We anchor calibration on
Brier, a strictly proper score capturing calibration
and sharpness (Naeini et al., 2015; Guo et al,,
2017): TAPIR has lower Brier on every topic and
overall (0.233 vs. 0.247), with paired-bootstrap
ABrier=—0.0138, 95% CI [—0.0182, —0.0092],
Phoot<10™4 (n=10,000). ECE is a complemen-
tary diagnostic; the pooled ECE difference is
not statistically significant (ppoot=0.153, 95% CI
[—0.0089, 0.0750]), consistent with the Murphy de-
composition in Table 2: a sharper predictor dis-
tributes mass into narrower bins and incurs higher
binning ECE even when its calibration residual is
smaller.

K Multiple-Testing Protocol

The pre-declared WA-test family has 12 paired
tests: deployed, 2zneaq-0nly, and no-distillation ac-
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Labruna re-run
Brier| ECEJ Brier] ECE|

Food & Culture (166) 230 147 244 054
Religion/Ethical Deb. (174) .231 .099 .246 104
Economics & Politics (234) .243 .065 .247 .058
Gender/Minority Rts. (233) .226 .136 .249 .039

All (807) 233 100 247  .059

Topic (n) TAPIR

Table 5: Calibration per topic; bold marks the row
winner. TAPIR achieves the lowest Brier on every
topic and overall (paired-bootstrap ABrier=—0.0138,
Proor<<10~%). Brier is the strictly proper score we pair-
test (Naeini et al., 2015; Guo et al., 2017); ECE uses
the same 15 equal-width bins as Table 2; it is a binning-
sensitive diagnostic and is dominated by bin-occupancy
noise at small topic-n (Naeini et al., 2015; Kumar et al.,
2019), so we report it without a paired claim. The
pooled all-topic ECE is computed on the full 807 pairs
(not a weighted average of topic ECE) and the differ-
ence is not statistically significant (ppoot=0.153).

curacy against the same-backbone re-run; deployed
against no-distillation; deployed Brier and ECE
against the re-run; the four topic accuracies; and the
deployed-vs-zeaq and deployed-vs-surface con-
trasts. Bonferroni uses a=0.05/12=4.17x1073
and BH-FDR uses ¢=0.05.

Five endpoints survive Bonferroni: deployed
vs. re-run accuracy (p=3.41x 10™%), Zpead VS. re-
run (p=6.92x10~%), deployed vs. no-distillation
(p=1.46x10"3), Brier (ppoot<10~*), and the Gen-
der topic (p=8.10x10"%). Food & Culture
(p=1.05x10"2, BH-adjusted ¢=2.51x107?) sur-
vives BH-FDR but not Bonferroni. Remaining end-
points are reported as descriptive. The headline
accuracy and Brier claims therefore survive the
most conservative available correction, and every
per-topic claim is labelled in Figure 3 by the cor-
rection it actually survives.

What this family does not cover. The pre-
declared family is confined to the WA test split.
Every out-of-domain and transfer comparison—
the Anthropic ladder, the cue-neutral slice, the
SummEval-pair and Gemma-3-12B cells, the mech-
anism ablations of Table 8, and the semantic stress
tests—was specified after the WA results were
known and lies outside this correction. We there-
fore report those as secondary and exploratory
throughout, and we do not attach Bonferroni or
FDR labels to them; readers should discount their
p-values accordingly.

Table 6 extends the calibration view to selec-

System AURC/ Top-50 Acct ECE1g/15/20 | Brier|
TAPIR scalar 276 71.78 .102/.102/.102 233
TAPIR deployed 295 71.04 .100/.100/.102 .233
Labruna re-run 413 58.66 .056/.059/.056 .247
Anti-surface logreg 291 70.54 .043/.046/.068 228
Surface GBM 311 67.57 .045/.060/.054 230

Table 6: Selective prediction on WA test; bold marks
the column winner among deployable judges. TAPIR
scalar is best on the Area Under the Risk-Coverage
Curve (AURC; Geifman and El-Yaniv, 2017) and Top-
50 accuracy, the two deployment-relevant metrics that
combine confidence and accuracy. The anti-symmetric
surface controls have lower ECE/Brier because their
validation temperature is well-matched to shallow WA
regularities, but they recover no rubric-conditioned au-
dit ledger and trail TAPIR on the risk-coverage frontier;
ECE is reported across {10, 15,20} bins because ECE
is binning-sensitive (Naeini et al., 2015; Kumar et al.,
2019), and Brier is the proper score we pair-test in Ta-
ble 2.

tive deployment. TAPIR’s scalar head has the
strongest risk-coverage profile among archived sys-
tems (AURC .276), and the deployed router keeps
the highest-confidence half at 71.04% accuracy
while preserving router-level WPI=1. The anti-
symmetric surface control has lower ECE and Brier
because its validation temperature is well matched
to shallow WA regularities, but its accuracy and
high-confidence coverage remain below TAPIR and
it provides no rubric-conditioned audit ledger. We
therefore use Brier and risk coverage as deploy-
ment diagnostics, not as a claim that every calibra-
tion statistic is uniformly best.

Figure 8 visualises this separation directly.
Panel (a) is a 10-bin reliability diagram on the WA
test split: the prompted Labruna re-run concen-
trates near 0.5 confidence, so its low ECE reflects a
flat probability stream rather than calibrated sharp-
ness; TAPIR (deployed) and the anti-surface con-
trol both push mass into well-resolved confidence
bins, and their reliability curves track the diagonal
closely except in the highest two bins, which con-
tain only a handful of pairs. Panel (b) is the risk—
coverage curve relevant to selective deployment
(Geifman and El-Yaniv, 2017): TAPIR (deployed)
stays below Labruna re-run in selective risk across
the retained-coverage range and matches the anti-
surface control at high coverage while overtaking
it as coverage tightens, so a deployment that re-
tains only the most confident decisions inherits both
TAPIR’s accuracy gain and its rubric-conditioned
diagnostic output.
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Figure 7: The three contract properties measured side by side on the WA test setting; the closed 03 cell is omitted
because its compute footprint is unreported. (a) Latency: 0.846 s vs. 33.33 s per pair, a 39.41x speedup (95%
CI [37.78x,41.08x]; §7.1). (b) Algebraic WPI=1 on every test pair, against ~ 0.92 for a swap-and-average
ensemble and ~ 0.65 for a single-pass judge; the deployed router preserves WPI=1 by tied-order construction
(App. H). (¢) Risk—coverage, plotted as selective accuracy against retained coverage so that higher is better; selective
risk is its complement. TAPIR retains 71.04% at 50% coverage (Table 6) and stays above the same-backbone
re-run—equivalently, below it in selective risk—throughout. Panel (a) reports full deployed inference, not the scalar

head alone.

L Clean-Subset Robustness Check

Re-running the conservative perplexity probe on
the full 807-pair WA test set under a double-
condition flag (winner-PPL ratio > 1.5 and winner-
PPL in the lowest 20% quantile of length-matched
pairs) flags 111 pairs (13.8%). Stratifying the three
same-backbone systems with archived per-pair pre-
dictions on the clean (n=696) and flagged (n=111)
splits gives TAPIR deployed accuracy 63.79 on
clean and 78.38 on flagged; Labruna re-run 57.90 /
59.46; no-distillation ablation 59.20 / 67.57. The
paired-McNemar TAPIR gain over Labruna sur-
vives the flag removal: 4-5.89 pp (p=1.14x 1072,
95% paired-bootstrap CI [+1.44,+10.34] pp) on
the clean subset and +18.92 pp on the flagged
subset (p=1.45x 1073); TAPIR vs. no-distillation
on the clean subset is +4.59 pp (p=1.46 x 10~2).
Why is the flagged subset higher? The flag is a
length-matched APPL ratio, so flagged pairs con-
tain a winner whose prose is more typical of the
WA -winner distribution than the loser; this is a
stylistic-typicality signal, not contamination per se,
and all three same-backbone systems (TAPIR, no-
distillation ablation, and Labruna re-run) gain on
the flagged subset relative to the clean subset, with
TAPIR’s relative gap to Labruna preserved on each
split. The full 807-pair headline therefore preserves
the paired contrast under a deliberately aggressive
contamination filter.

M Length-Controlled OOD Subset

We further stratify the Anthropic transfer by reply-
length balance ‘%{ <T ar'ld report each
system on the matched subset, using the same
fixed tie-to-A convention as the headline length-
only number (61.42). At 7=0.30 (n=549), TAPIR
60.66, length-only 61.38, surface GBM 60.84; at
7=0.20 (n=437), TAPIR 59.73, length-only 60.87,
surface GBM 59.95; at 7=0.15 (n=339), TAPIR
57.23, length-only 59.59, surface GBM 57.82; at
7=0.10 (n=234, 39.6% of OOD), TAPIR 55.98
(95% CI [49.57, 62.39]), length-only 63.25, sur-
face GBM 59.83. None of the paired TAPIR-vs-
length-only McNemar tests reach significance on
these subsets (p>0.13), confirming that the higher-
rated Anthropic argument retains a residual length
advantage even after strict matching. We treat the
7=0.10 slice as a stress test of label-cue mismatch
rather than evidence that distillation removes se-
mantic signal: shallow controls and TAPIR remain
inside the same accuracy band, but only TAPIR
carries the frozen-rubric audit ledger, WPI=1 con-
tract, and proper-score reporting through this OOD
shift.

Cue-neutral slice. The length-matched subsets
above hold length approximately fixed but leave
other shallow regularities intact. We therefore build
a cue-neutral slice by stratifying the 591 OOD pairs
jointly on length balance and on the surface-feature
vector used by the surface GBM (lexical diversity,
punctuation density, discourse-marker rate), then

28954



(a) Reliability diagram (10 bins)

1.0 4 ;
> 0.9 A1
€]
e
>
9 0.8
©
S
[oX
E |\ /) perfect
W 0.6 A —@— TAPIR (deployed) (n=807)

. =@— Labruna re-run (n=807)
- Anti-surface (logreg) (n=807)
05 L | T . — T T
0.5 0.6 0.7 0.8 0.9 1.0

Predicted confidence max(pa, 1 — pa)

(b) Risk--coverage on WA test 807
V‘r \ ----- chance
0.75 A === TAPIR (deployed)
’v\ === |abruna re-run
g 0.70 - \\A\ Anti-surface (logreg)
] N
8 \\.—\
< 0.65 A
]
2
$ 0.60 A
©
0
0.55 4
0.50

0.2 0.4 0.6 0.8 1.0
Coverage retained (sorted by confidence)

Figure 8: (a) Reliability diagram on WA test (n=807). The prompted MS-PS-MLP re-run concentrates near
max(pa, 1—pa)=0.5, so its low ECE reflects a flat probability stream rather than calibrated sharpness, while
TAPIR (deployed) and the anti-surface control resolve well into the 0.55—0.80 confidence band. (b) Risk—coverage
curve, again plotted as selective accuracy against retained coverage. TAPIR (deployed) therefore sits above the
re-run—equivalently, at lower selective risk—across retained coverage, and matches the anti-surface control at high
coverage. Brier is paired-bootstrap significant against the re-run (Table 2); ECE is a binning-sensitive diagnostic

and carries no paired claim.

subsampling within strata so that the label is bal-
anced inside every stratum. The construction uses
no TAPIR output of any kind, so it cannot be tuned
in our favour. The resulting slice has n=312 An-
thropic pairs; this is a different set from the equally
sized WA stylometric-matched subset of App. R,
and the coincidence in size is not meaningful. By
construction the length-only rule falls to 50.3% and
the surface GBM to 52.6%; TAPIR retains 58.7%,
with paired-bootstrap Cls on both gaps excluding
0. This is the cleanest evidence we have that the
frozen judge carries semantic signal beyond the
shallow correlations that dominate the aggregate
Anthropic number.

N Transfer Protocols and Lifecycle
Accounting

Framework transfer: SummEval-pair. We con-
vert SummEval into a pairwise preference task by
taking, within each source document, pairs of can-
didate summaries whose human-aggregated qual-
ity scores differ, and predicting which summary
humans preferred. The rubric is the four human-
annotated SummEval dimensions (coherence, con-
sistency, fluency, relevance), so unlike WA the
rubric here is human-validated rather than survey-
derived. Train/dev/test splits are made by source
document so that no document appears in more
than one split, and all bootstrap resampling is clus-

tered by document rather than by pair. Every TAPIR
hyper-parameter is inherited unchanged from the
WA configuration: no learning-rate, epoch, LoRA,
router, or calibration search was performed on this
task, and the test split was touched once. Rubric-at-
test multi-call baselines remain >10x slower per
pair, as on WA.

Backbone transfer: Gemma-3-12B. We repeat
the full three-stage protocol on WA with the student
and teacher backbones replaced by Gemma-3-12B,
again with no hyper-parameter retuning. The MS-
PS baseline is re-run on the same backbone so
that the contrast stays paired and same-backbone,
exactly as in §6.1. The measured speedup is 27.6x
rather than 39.41x because the smaller backbone
reduces the absolute cost of the 24-call baseline
more than it reduces TAPIR’s two forward passes.

Lifecycle accounting. The break-even figures in
§8.3 follow from two measured quantities. Train-
ing is ~6 wall-clock hours on 2x A800, i.e. 2 X 6 X
3600 = 43,200 GPU-seconds per seed. Marginal
inference costs 0.846 s/pair against the baseline’s
33.33 s/pair on one A800, a saving of 32.484 GPU-
seconds per pair. One production seed therefore
amortises after 43,200/32.484 =~ 1,330 pairs, and
charging all three research seeds to the deploy-
ment gives ~ 3,990. At a volume of 10k pairs,
training plus inference for one production seed is
43,200 + 10,000%0.846 = 51,660 GPU-seconds
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against 10,000x33.33 = 333,300 for the baseline,
a total-compute advantage of ~6.5x that grows
with volume; charging all three research seeds to
the deployment instead gives ~2.4 x at the same
volume. Rubric-update costs are measured directly:
re-freezing a paraphrased rubric with an unchanged
taxonomy and re-running only Stage 1-2 costs
—0.3 pp in accuracy, and a merge-or-delete tax-
onomy edit re-run the same way uses 28% of the
original compute while retaining 96.2% of accu-
racy. In all cases WPI=1 is structural and needs
no re-verification, because it does not depend on
the learned parameters.

O Multi-Seed Sensitivity

Labruna re-run (5 seeds). We swept
the published Labruna et al. (2026) Ap-
pendix O hyperparameters across five in-

teger seeds {7,13,42,101,2026} for the
MS-PS-MLP head on the same Qwen3-14B
features.  The five-seed test accuracies are
{54.77,52.17,58.12, 54.65, 56.13} %, mean
55.17%, std 1.95 pp, range [52.17,58.12]. The
58.12% re-run reported in Table 2 is the strongest
of these five seeds, so the headline paired gap
is conservative against an upper-bound MLP
head. Comparing means rather than best-seed to
best-seed widens it: TAPIR’s three-seed mean of
65.1% exceeds the baseline’s five-seed mean of
55.17% by +9.93 pp.

TAPIR multi-seed (3 seeds). We train the com-
plete three-stage TAPIR protocol with seeds
{7,42,2026}. Results on the WA 807-pair test
split:

System Seeds Acc % (mean+std) Brier] WPI
Labruna re-run 5 55.17+£1.95 247 —
TAPIR no-distill 3 60.2+0.8 .232 1.000
TAPIR Zhead-only 3 64.94+0.6 .233 1.000
TAPIR deployed 3 65.1 0.7 .233 1.000

The three deployed-router accuracies span the
range [64.4, 65.8], and the seed-to-seed standard
deviation (0.7 pp) is 2.8 x smaller than the re-run’s
(1.95 pp over five seeds, range [52.17, 58.12]),
confirming that the anti-symmetric structure and
frozen-rubric protocol produce a more stable sys-
tem. The frozen-rubric distillation gain is +4.9
pp (deployed vs. no-distillation) on average across
the three seeds, with all individual-seed paired-
McNemar p-values against the Labruna re-run best-
seed (58.12%) remaining below 1073, WPI=1

(807/807 swap identity, |eswap|=0) holds on ev-
ery seed, as expected from the algebraic guaran-
tee. Brier improvement over the same-backbone
re-run is stable: range [0.230, 0.236] across seeds
(vs. Labruna re-run 0.247), all paired-bootstrap
p<1073.

P Distillation Channel Ablation

We provide the full distillation-channel ablation
from §7.3. All rows use the same Stage O teacher,
Stage 1 mode-split training, and Stage 2 clean re-
train; only the test-time decision channel varies.

Decision channel Acc% A vs.no-dist. Training

No distillation (BCE only)  60.35 — no Prrace
Scalar (2heaq) only 65.30 +4.95 mode-split
Ledger majority only 64.81 +4.46 mode-split
Deployed GBM router 65.80 +5.45 5-fold CV
Per-pair oracle (diagnostic) ~ 70.76 +10.41 upper bound

Table 7: Distillation-channel ablation on WA test
(n=807). Both the scalar and ledger channels inde-
pendently recover >4.46 pp from privileged distilla-
tion, confirming that the mode-split distillation—not
the head architecture—is the primary accuracy driver.
The two heads disagree on 11.4% of pairs; the oracle
upper bound (70.76%) quantifies the remaining comple-
mentary signal. The deployed GBM router (4-0.50 pp
over zpead-only) captures a fraction of this headroom
while preserving WPI=1 through the anti-symmetric
wrapper.

The key observation is that both independently
decoded channels—the continuous scalar head
and the discrete per-strategy ledger—each outper-
form the no-distillation baseline by a large mar-
gin (+4.95/ + 4.46 pp), while the GBM router
contributes only +0.50 pp on top. This isolates
the gain to privileged distillation (Stage 1), not
to the head architecture or routing. Qualitatively,
scalar errors concentrate on short, stylistically neu-
tral replies whose winning force is a single fac-
tual correction, whereas ledger errors concentrate
on mixed-strategy pairs with no dominant rubric
cell. The 11.4% disagreement rate and +4.96-pp
oracle headroom therefore indicate complemen-
tary but imperfect channels, motivating confidence-
calibrated routing and broader rubric coverage.

Q Mechanism Ablation

To verify that each architectural component is
necessary—not merely a post-hoc combination—
we isolate the marginal contribution of the anti-
symmetric structure, mode-split training, and
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ledger distillation.

Variant Acc % A vs. TAPIR paired p
TAPIR (deployed, seed 42) 65.80 —_—
Non-anti-sym LoRA pairwise 59.8 —6.0 <1073
Weighted-sum distill (no mode-split) 63.9 —1.90.018
Scalar-only distill (no ledger) 64.1 —1.7 0.031
Post-hoc anti-symmetrised prompt 57.6 -8.2< 1074
DeBERTaV3-large cross-encoder (He et al., 2023)  58.4 —74 <1074

Table 8: Mechanism ablations on the WA test split
(n=807). All rows are test-set results and all paired
p values compare the variant to TAPIR deployed. The
post-hoc anti-symmetrised prompt row applies the oper-
ator of Proposition 1 to a prompted judge on the same
backbone: it attains exact WPI=1 (Brier .248) but not
TAPIR’s accuracy, isolating the operator from the rest of
the contract. The privileged Stage O teacher is omitted
because it sees P12 and is measured only on inner-
dev, so it is not a deployable test baseline.

The non-anti-symmetric baseline (59.8%) con-
firms that the algebraic WPI structure provides a
contribution beyond the backbone: it adds +6.0
pp- Scalar-only distillation without ledger targets
(64.1%, —1.7 pp) confirms the ledger contributes
independent signal beyond the scalar channel. The
DeBERTaV3-large cross-encoder (58.4%) serves
as a smaller-backbone control and argues against a
pure large-backbone effect.

Mode-split versus a weighted sum, exposure-
matched. Replacing mode-split with an ordinary
a-weighted BCE+JSD objective costs 1.9 pp at
seed 42 (63.9 vs. 65.80, p=0.018). Because a
weighted sum and a 50:50 mode split have the
same objective in expectation, the comparison is
only meaningful if compute and data exposure
are matched, so we re-ran both designs for three
seeds at identical step counts and identical per-
example exposure: the weighted sum averages
63.4% against mode-split’s 65.1% (A=+1.7 pp,
paired-bootstrap CI excluding 0). Sweeping the
mixing ratio from 40:60 to 60:40 gives a plateau
within 0.6 pp of 50:50, so the effect is not a
tuned ratio. The mechanism we can evidence is
within-step gradient cancellation rather than a gen-
eral variance reduction: measuring the cosine be-
tween the two objectives’ gradients at each step,
cos(gcE, gisp) < 0 on 33% of early-training
steps, and it is on exactly those steps that averaging
the two signals inside one update destroys informa-
tion that alternating preserves (Zhang et al., 2019).
Separately, the privileged Stage O teacher reaches
68.2% on inner-dev; we report it only as a training-
time upper reference, not as a test baseline, because

it observes P3¢ and is not deployable. This estab-
lishes a clear privileged-information compression
chain: teacher — student — low-cost deployed
router, consistent with the LUPI principle (Vapnik
and Izmailov, 2015).

R Semantic Stress Tests

Surface controls reaching 63.82% raise the ques-
tion of whether TAPIR encodes genuine persuasion
semantics or more stable surface regularities. We
answer with three adversarial controls.

Strict length-matched subset. From the 807-
pair test set we construct a subset where
|ral/|rB] € [0.95,1.05] and surface-feature
vectors (lexical diversity, punctuation density,
discourse-marker rate) are statistically matched
(paired t-test p>0.20 on each feature). The result-
ing n=312 subset removes the length and shallow-
cue advantage. TAPIR retains 64.6% accuracy;
the anti-symmetric surface GBM drops to 58.3%
(—6.3 pp, paired McNemar p=8.2x1073); the
length-only rule falls to 50.0% (chance). This
demonstrates that TAPIR’s gain is rooted in OP-
reply semantic interaction, not reply-only surface
cues.

Paraphrase invariance. We paraphrase the los-
ing reply in 200 test pairs using a frozen length-
constrained paraphrasing prompt, preserving se-
mantic content while keeping length within +5%.
TAPIR flips its verdict on only 14% of paraphrased
pairs, versus 31% for the surface GBM—indicating
that TAPIR relies more heavily on argument content
than on surface lexical patterns.

OP-randomisation control. Replacing the origi-
nal OP with arandom OP from a different test pair
(replies unchanged) drops TAPIR to 53.1% (near
chance), while the surface GBM remains at 59.4%
because it ignores OP—reply interaction by design.
This confirms that TAPIR critically depends on the
OP-reply semantic relationship, a prerequisite for
genuine persuasion modelling.

S Ledger Diagnostic Validation

Human strategy spot-check, read against its
ceiling. Two annotators independently label the
dominant persuasion strategy of the winning argu-
ment on 200 randomly sampled test pairs, using the
same six-category MS-PS schema employed by the
frozen rubric. Ledger—human agreement is k=0.46
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(p<10~* against chance). Taken alone that is mod-
erate; the informative comparison is against the
achievable ceiling. The two humans agree with
each other at only x=0.51, so the ledger sits 0.05
below the inter-annotator ceiling with a bootstrap
95% CI on the difference of [—0.02, 0.12]—i.e. the
gap between the ledger and a second human anno-
tator is not statistically distinguishable from zero.
The binding constraint is the inherent ambiguity of
persuasion-strategy attribution, not the ledger.

Error-case diagnostic audit. Among the same
50 errors selected by p4>0.65 below, 68% ex-
hibit ledger anomalies: multi-strategy conflict (two
or more cells assigned to different winners) or
evidence-validity rate <0.50. Quantifying this as
an association, a ledger anomaly multiplies the
odds that a prediction is wrong by 2.4 (bootstrap
95% CI excluding 1). A deployment monitor can
therefore use low evidence-validity as a “reject-to-
human” trigger.

Ledger-guided selective deployment. Adding
ledger features to the scalar confidence improves
error detection: the AUROC for ranking pairs by
probability of error rises from 0.63 (scalar confi-
dence alone) to 0.71 (scalar 4 ledger). Convert-
ing that into a retention rule, we keep only pairs
where >4/6 strategy cells agree; at 70% cover-
age selective accuracy is 72.1%, against 70.0%
for retaining on raw confidence at the same cov-
erage and 65.80% unfiltered. The three diagnos-
tics jointly establish that the audit ledger is more
than an inspection surface: it captures structure
a second human annotator would barely improve
on, it flags errors before they propagate, and it
converts into a measurable deployment-time qual-
ity lift. That actionability—rather than faithful-
ness to model internals—is the property we recom-
mend downstream pipelines target when extending
TAPIR-style frozen-rubric judges to other pairwise
judging tasks.

Qualitative error taxonomy. We manually in-
spect 50 high-confidence errors and classify them
into three recurring categories. The selection cri-
terion is one-sided—ps=P(A > B)>0.65 and
incorrect—so this sample covers confident A-side
errors only; the taxonomy and the ledger-anomaly
rate below therefore describe that stratum rather
than all high-confidence errors. (1) Single-fact
pivots (42%): the winning reply introduces one
decisive factual correction that the rubric-level fea-

tures do not isolate (e.g., a short reply containing a
single counter-example). The scalar head assigns
moderate confidence because reply length is be-
low average and the rubric strategies split evenly,
masking the factual knockout. (2) Multi-strategy
ties (34%): both replies deploy comparable per-
suasion strategies and the ledger produces a near-
uniform distribution across K =6 categories, lead-
ing to low evidence-validity and router ambigu-
ity. (3) Community-specific norms (24%): the win-
ning argument leverages CMV community conven-
tions (e.g., conceding partial agreement before the
A-earning rebuttal) that are not captured by the
Bozdag-derived rubric. These three categories sug-
gest clear future directions: finer-grained factual-
claim extraction, hierarchical rubric schemas that
can break strategy ties, and community-adaptive
rubric extensions.

Failure-mode implications for deployment.
The error taxonomy above informs practical de-
ployment guidelines. For high-stakes modera-
tion, pairs falling into the multi-strategy-tie clus-
ter should be flagged for human review using the
evidence-validity threshold. For the single-fact-
pivot failure mode, augmenting the ledger with
a claim-verification module could improve detec-
tion without compromising the frozen-protocol in-
tegrity, because claim extraction operates on P°P®
only and does not require test-time rubric access.
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