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Abstract

This paper describes our submission to Sub-
Task 2 of the FinEval 2026 Multilingual Fi-
nancial Language Understanding Challenge,
Japanese Financial Implicit Communication
Recognition (JF-ICR), which places a com-
pany’s question-answer on a five-point com-
mitment scale. Our submitted system, a three-
stage pipeline, scores 15/15 public and 33/35
private, 4th of 10. A single open-weight model
labels each of the 50 test items independently
by verbaliser scoring; that labelling is audited
against the class distribution the organisers pub-
lish in advance, which yields a label-free lower
bound F' on its error count and names the
classes those errors sit in; each over-full class
is then handed back to the model as a forced
choice over its own members, with the exact
number of mislabelled items asserted. The au-
dit opens at F'=3 and closes at F'=0. Enforcing
the same counts directly, by min-cost assign-
ment, also reaches F'=0 but recovers only the
errors already nearest the decision boundary.
The official score bounds what a floor of zero is
worth: two of the 50 items are wrong beneath it,
and, both the submitted labelling and the gold
being balanced, those two errors can only form
a compensating transposition.

1 Introduction

Japanese financial communication states commit-
ment indirectly. Modality and negation occur at the
absolute end of the sentence, refusals are hedged
rather than asserted, and disclosure convention dis-
courages a plain "no" (Peng et al., 2026b). The
Japanese Financial Implicit Communication Recog-
nition (JF-ICR) task makes that judgement explicit:
given a Japanese financial question—response, place
the response on a five-point scale running from
strong commitment at +2 to outright refusal at —2.

EBISU (Peng et al., 2026b), from which the
benchmark for this task is drawn, evaluates twenty-
two systems on JF-ICR spanning general-purpose,

Japanese-adapted, English-financial and Japanese-
financial families. The best reaches 0.606 accuracy
and the strongest proprietary system 0.553, and
EBISU reports that scale buys only limited gains
while language- and domain-specific adaptation
does not reliably help: the gap is not one that ca-
pacity or in-language pretraining is closing on its
own.

Our submission has three stages:' (i) an LLM la-
bels each item independently by verbaliser scoring;
(ii) that labelling is audited against the class distri-
bution quota; (iii) each over-full bucket is handed
back to the model as a forced choice.

Any known marginal splits the errors of a la-
belling into two disjoint parts and detects exactly
one of them — it is an exhaustive detector for er-
rors that change the class counts, naming the buck-
ets they sit in, and blind to permutations of labels
among items that leave every count intact. Stages 2
and 3 exploit the exhaustiveness, and exploiting it
needs a second opinion rather than a better deci-
sion rule: enforcing the counts directly by min-cost
assignment recovers only the errors that already sit
nearest the decision boundary. The official score of
the submitted file demonstrates the blindness.

2 Related Work

Sentiment and stance classification over financial
text has moved from supervised models trained
on annotated news and analyst reports (Malo
et al., 2014; Araci, 2019) to domain-adapted and
instruction-following LLMs evaluated on broad
benchmark suites (Wu et al., 2023; Xie et al., 2024).
Coverage outside English is both thinner and mea-
surably harder: frontier models lose a large part of
their headline accuracy once the language is not
English (Peng et al., 2026a), and Japanese-specific
benchmarks report the same gap (Hirano, 2024;

LCodebase is available at https: //github.com/kyosek/
JF-ICR-Daikoku-Solution.
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Peng et al., 2026b). JF-ICR sits in exactly that
setting, with 253 labelled items in the open split,
which we therefore approach as a prompting prob-
lem rather than a training one. Constraining struc-
tured predictions by global count statistics is in turn
an old device (Roth and Yih, 2004; Chang et al.,
2007; Ganchev et al., 2010); what a shared task
adds is that the constraint is published, exact, and
free.

3 Challenge Dataset and Setup

The organiser prepares two data splits (Table 1):
an open split of 253 instances with released gold
labels, and a test split of 50 instances whose labels
are withheld and which is the submission target.
The test split is further divided into 15 public and
35 private items (3 and 7 per label). During the
evaluation phase an uploaded file is scored on the
public items only, so a configuration can be given
an aggregate public score before the deadline; but
the organisers release neither the split column nor
the test gold, so that score cannot be attributed to
individual items, and a private score exists only for
the final submission. The two splits differ in three
aspects:

(i) Label distribution. The open split is heavily
skewed: +1 alone accounts for 54.9% of instances
and —2 occurs twice. The test split is published
as exactly balanced, 10 instances per label — the
constraint that stages 2 and 3 of §4 utilise.

(ii) Length. Open instances are roughly two
and a half times longer, 502 characters of question—
response block against 200.

(iii) Multi-part questions. The detector of Ap-
pendix E flags 76 of the 253 open-split questions
as asking more than one thing — a manual audit
there confirms 52 — and none at all on the test split,
every one of whose questions is a single sentence.

As the gold labels of the test split are withheld,
the author annotated all 50 test items after the dead-
line from the EBISU guidelines (Peng et al., 2026b)
and the question—response alone (Appendix B). We
report agreement with that pass as a sanity check
and treat it throughout as a weak non-independent
reference.

The official metric is accuracy, which we report
throughout, together with macro-F; (Sokolova and
Lapalme, 2009) on the open split, whose skewed
label distribution accuracy alone does not discrimi-
nate.

Open Test

n 253 50
+2 29 (11.5%) 10 (20%)
+1 139 (54.9%) 10 (20%)

0 72 (28.5%) 10 (20%)

-1 11 (4.3%) 10 (20%)
-2 2 (0.8%) 10 (20%)
Mean Q-R length (chars) 502 200
Single-sentence questions 121 (47.8%) 50 (100%)
Multi-part (detector) 76 (30.0%) 0 (0%)
audited 52 (20.6%) 0 (0%)

Table 1: Split statistics. Open-split counts are the re-
leased gold labels; the test-split distribution is the bal-
anced design published by the organisers. “Multi-part”
is the detector of Appendix E; “audited” is the subset of
its flags confirmed by hand there.

Algorithm 1: The submitted pipeline

input :items x1.,; published class quota ¢
output :labelling ¢1., meeting ¢

// Stage 1: independent verbaliser scoring
1 fori < 1tondo
2 P(y | z;) < softmaxyey logpe(vy | x3)
Ui < argmaxy P(y | z;)

// Stage 2: audit against the quota
any+ {i:9: =y} forallyey
s F« 30, max(0, ny — qy) // error floor
6 O {y:ny>q}: U«{y:ny <qy}

// Stage 3: adjudicate each over-full
bucket, then re-audit
7 foreach y € O do

8 B+ {i:gi=y}; s+ ny—gqy

9 (m,d) < FORCEDCHOICE(B, y, U, s)
// §4.3
10 foreach i € ., do
1 | Gi+dieU // voted destination

12 ny < |{i:9; =y} forallyey // re-audit
B if 37 max(0, ny — gy) # 0 then abort
14 else write a submission file

4 Submitted System

Our submission is the three-stage pipeline of Al-
gorithm 1. Stage 1 labels each item indepen-
dently; stages 2 and 3 then exploit a constraint
that holds over the labelling jointly and that no per-
item method can see — that the test split’s class
distribution is published in advance.

4.1 Stage 1: Verbaliser Scoring

We splice the EBISU annotation guidelines (Peng
et al., 2026b) — the per-label linguistic signals
and representative examples the human annotators
worked from — immediately before the question—
response block. We also supply a scope condition
the guidelines leave open: they state both that the
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label reflects the strongest applicable commitment
and that annotation follows the overall stance of
the full response, and the two diverge when one
response carries spans at different commitment lev-
els. We resolve this by scope rather than by prefer-
ence, stating the most-committal directive only for
multi-part questions, where the response is a set of
sub-answers and the item has no determinate label
until the prompt says which part governs. The gate
is the detector of Appendix E, which also shows
what stating the rule unconditionally costs.

For each item we render the chat-templated
prompt, tokenise each of the five label strings
vy € {+2,+1,0,-1,-2}, and teacher-force through
the label’s tokens, summing token log-probabilities
to obtain log pp(vy | z). A softmax over the five
gives P(y | x), and we take the argmax.

4.2 Stage 2: The Quota as a Lower Bound

The organisers publish the test split as balanced:
qy = 10 for each of the five labels across the 50
items. If a labelling predicts class y exactly n,
times, it is wrong on at least

F = ZmaX(O, Ny —qy) (D

yey

items. This is a certificate rather than an estimate:
no labelling with those counts can do better, and
F' is computable before any label is seen. The la-
belling we evaluate it on is stage 1’s: n, = |{7 :
U; = y}| counts the argmax predictions of §4.1,
before any reassignment. The over-full classes
O name the buckets those surplus errors live in,
shrinking the audit surface to their union, and the
under-full set U enumerates the labels the displaced
items can move to. The quota does not say which
item in a bucket is wrong, so it is a detector rather
than a corrector and finding the items still needs a
second opinion.

4.3 Stage 3: Forced Choice

An over-full bucket holds the n,, items stage 1 as-
signed to y, of which exactly s = n, — ¢, are
mislabelled, so we instruct the model to compare
them: These N items were all labelled +2. Exactly
s of them are mislabelled; the true label of those
items is 0 or —1. Which?

FORCEDCHOICE takes the bucket B, its class y,
the under-full set U and the surplus s, and returns
an ordering 7 of B from most to least likely misla-
belled together with a destination d; € U for each
of its first s entries, which are the entries reassigned.

Because it is a forced choice over a shortlist rather
than open five-way classification, the candidates
calibrate each other instead of each being judged
against an internalised threshold: a model that is
confidently wrong item-by-item can still rank the
odd one out, since ranking does not require the
absolute threshold that classification gets wrong.
A single call cannot rule out position bias (Wang
et al., 2024; Tang et al., 2024), so we ask r=5
times under rotated candidate orderings — rotation
rather than shuffling, to stay reproducible without
a seed — and vote over each round’s top s picks.
The stage closes by recomputing Eq. 1 on the re-
assigned labelling and writing the submission file
only if F' = 0.

When |U| = 1 the destination is forced by arith-
metic, and the model is asked only which items to
move. When |U| > 1 the model’s own P(y | z)
cannot settle it. On precisely the items stage 1 has
got wrong, those posteriors are the miscalibrated
ones, so reading a destination off them would rein-
troduce the absolute threshold the forced choice
exists to avoid. The prompt names the under-full
labels and requires each pick in item: label form,
and the destination is settled by the same r=5 vote
that settles the items, counted over those rounds in
which the item was among the round’s top s. Ties
in either vote go to the candidate named earliest in
the rotation sequence, which is deterministic given
a stored stage 1 output; a round naming fewer than
s items contributes the picks it does make, and a
label outside U is discarded. Buckets are adjudi-
cated independently against the stage 1 labelling
and their reassignments applied together, so the
result does not depend on the order in which O
is traversed. Nothing in the mechanism stops the
model sending more items to an under-full class
than that class is short of, and nothing repairs it if
it does. The re-audit catches an infeasible assign-
ment, and the pipeline aborts rather than write a
file.

4.4 Robustness to an Approximate Quota

For this challenge, the organiser released the class
distribution and stages 2 and 3 exploit it. In the
real world, often the class distribution is not known
exactly, and the published marginal may be an es-
timate or a historical carry-over. In such cases,
the mechanism degrades linearly. Write g for the
true class counts and ¢ for the published ones, both
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totalling n, and let
A= Ya-d, = nodrv(i ). @

where dpv is total variation distance — half the
L distance between two distributions on the same
support — so A is that distance stated in items: the
number of labels separating the published marginal
from the true one. Because each summand ¢, —
max (0, n, — ¢y) is non-increasing and 1-Lipschitz
in gy, and because ¢ and ¢ share a total,

|F(§) — Flq)] < A. 3)

So F'(¢) — A remains a valid certificate: a marginal
known to be accurate to within A items buys a floor
A items weaker, and nothing further about ¢ need
be known. Stage 3 moves exactly F'(q) items, so
at most A of those moves are in excess of what the
true marginal licenses; the exposure scales with the
error in the published marginal. Neither statement
needs the split to be balanced, and both hold for
any published marginal.

Enumerating every non-negative integer
marginal at each distance A < 6 from the released
open-split gold counts, Eq. 3 holds in all 4,395
cases and is met with equality at every A, so
it cannot be tightened. The median deviation
is exactly [A/2], so it is also pessimistic for a
marginal that is noisy rather than adversarial. The
practical margin is nevertheless narrow: an audit
that opens at F' tolerates a published marginal
in error by at most ' — 1 items before the floor
it certifies falls to zero, and the stage 1 audits
reported in §5.1 open at values of F' in the low
single digits.

4.5 Reproducibility

The submitted system uses one model, Qwen3.6-
35B-A3B (Qwen Team, 2026a), served locally
from a 22 GB GGUF quantisation (UD-Q4_K_M)
with reasoning mode off, on one Apple M3 Max
with 48 GB of unified memory and greedy de-
coding (temperature = 0). An end-to-end run
over the test split takes just over four minutes.
Greedy decoding is nevertheless not bit-exact under
llama.cpp: repeated runs of an identical configura-
tion differ on one or two items, so stages 2 and 3
are reproducible only over a stored stage 1 output,
which we release with the code. Alternative mod-
els are compared in §5.3, and the full setup is in
Appendix A.

ali Official
Pipeline prefix F  Agr. Pub.  Pri.
Stage 1, submitted run 3 47 14/15 —

+ 2&3, submitted run 0 50

Alternative uses of the same quota
Min-cost assignment 0 48 — —
Ensemble majority vote 1 49 — —
Consensus-spread ranking 0 50 — —

15/15 33/35

Table 2: Cumulative stage ablation on the test split. F'
is the provable error floor of Eq. 1; “Agr.” is agreement
out of 50 with our post-hoc annotation; “Official” is the
organisers’ score. Only two files were uploaded — the
raw stage 1 argmax during the evaluation phase and the
submitted file.

5 Results

5.1 Results Overview

The submitted file scores 15/15 public and 33/35
private, fourth of ten and tied with two other sys-
tems. The leaderboard is tight: the nine non-outlier
systems span 34/35 to 30/35, none reached 35/35,
and the first-placed systems are one item ahead of
ours.

Table 2 reports the performance of the pipeline
as we add one pipeline stage at a time on the test
split. The stage 1 run behind the submitted file
over-predicts +2 once and labels items 259 and
296 as +1 rather than —1 (F'=3, audit surface 23
items). Stages 2 and 3 move all three: F'=0, 50/50
agreement, 15/15 public and 33/35 private, and
that labelling is the submitted file. The pipeline is
therefore more stable than the stage it is built on,
which is the practical case for it.

Only stage 3 moves a label: stage 2 changes
nothing and emits F' together with the over-full
buckets. With =5 rotations its votes are decisive
(1d=300 named first in all five orderings of the
+2 bucket, id=296 in all five of the +1 bucket,
id=259 in three of five). Both buckets leave U =
{0, —1}, so this run exercises the |U| > 1 path and
the destination was the model’s to choose in each
case and it was voted unanimously. 300 — 0 and
296 — —1 in every rotation, 259 — —1 in all three
rotations that picked it, so the tie-break never fired.
The three destinations happen to meet the one-item
deficit at 0 and the two-item deficit at —1 exactly,
and the re-audit passed without repair — but that
is an observation about this run, not a property the
mechanism enforces.

The lower block of Table 2 is the evidence for
treating the quota as a detector rather than a cor-
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rector. Enforcing it directly — a min-cost assign-
ment over log P(y | =) for the highest-probability
labelling that meets the counts — reaches F'=0
but stops at 48/50 from either stage 1 run, two
items short of the forced choice. Min-cost buys
its counts as cheaply as possible, so it flips the
smallest-margin items in each bucket. That is the
right item only where the rest of the bucket is sat-
urated, as in the +2 bucket; in the +1 bucket the
second real error is merely the third cheapest, so
min-cost breaks a correct item and never reaches
it, while forced choice names it in all five rotations
(Appendix C). Cheapest-to-flip and most-likely-
wrong coincide when the bucket is saturated and
come apart when it is not; a comparative re-ask
reaches the second regime, and no re-weighting of
the same posterior can.

A majority vote over 16 test-split runs repro-
duces the submitted stage 1 argmax on all 50 items,
so ensembling by vote does not improve upon it.
Ranking each flagged bucket by how far those runs
disagree instead recovers the same three items as
stage 3, at no extra inference cost wherever an en-
semble already exists (Appendix C).

5.2 Implications for the Forced-choice Stage

The submitted pipeline carries F'=0 and is wrong
on two items. It predicts each class exactly 10
times and the gold is balanced too, so two labellings
that differ on exactly two items must differ by a
transposition: a pair (7, j) with G(i) = S(j) and
G(j) = S(i). That is precisely the compensat-
ing pair Eq. 1 cannot see, so the floor was correct
and uninformative at once — the blind half of §1,
measured on a submitted file rather than asserted.

Our post-hoc annotation agrees with the submit-
ted file on all 50 items (Appendix B), so it carries
the same class counts and Eq. 1 certifies it at F'=0
as well: the floor is a property of the counts, not of
the labelling that realises them. This also fixes the
reading of the “Agr.” column, which orders config-
urations but saturates at 50/50 with two errors still
in the file.

5.3 Open Split

We used the open split, where gold is released,
to fix the prompt and choose the model; Ap-
pendix D reports it in full. Qwen3.6-35B-A3B
is the strongest of eight models and was submitted
at 0.676 accuracy against 0.557 for the best of four
non-LLM baselines — a 13-point gap that neither
cue-phrase counts nor a 110M encoder fine-tune

closes. The two splits are not commensurable: a
constant predictor scores 0.549 on the open split
against 0.200 on the test split, so the three data dif-
ferences of §3 account for most of the gap before
any modelling question arises.

6 Conclusion

We submitted a three-stage pipeline that labels each
JF-ICR item independently and audits the labelling
against the known class distribution. The forced-
choice mechanism demonstrates that a model that
is confidently wrong item-by-item can still rank the
odd one out, because ranking does not require the
absolute threshold that item-by-item classification
gets wrong.

Limitations

Test gold was withheld, so the only externally
scored figures in this paper are the leaderboard’s:
15/15 and 33/35 for the submitted file, and the
14/15 public-only score returned for the raw
stage 1 argmax during the evaluation phase. Every
other test-split figure is agreement with a single-
annotator pass written by the author. It is not in-
dependent, and it coincides with the submitted file
on all 50 items, which the official score shows is
wrong on two: agreement with it is therefore con-
sistent with two errors and saturates before it can
bound them. We use it only to order configurations
— no claim rests on a one-item difference in it, and
the ablation is led by the label-free floor F' for this
reason — and neither it nor the floor locates the
two errors.

A compensating pair of errors leaves every class
count untouched, so F'=0 means consistent-with-
correct class distribution rather than correct: the
submitted file has F'=0 and is wrong on two items.
The mechanism also inherits the known class dis-
tribution: by Eq. 3 a marginal in error by A items
costs A items of certificate and licenses at most
A moves stage 3 should not have made. Since the
audits open in the low single digits, that tolerance
is a few items wide and no more, and we have not
measured what a wrong surplus does to the forced
choice itself.
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Li, Yongfu Dai, Duanyu Feng, Yijing Xu, Haogiang
Kang, Ziyan Kuang, Chenhan Yuan, Kailai Yang,
Zheheng Luo, Tianlin Zhang, Zhiwei Liu, Guojun
Xiong, et al. 2024. Finben: A holistic financial bench-
mark for large language models. In Advances in neu-
ral information processing systems, volume 37, pages
95716-95743.

A Pipeline and Inference Setup

Inference setup and cost. The model is served
locally from a 22 GB GGUF quantisation (UD-
Q4_K_M) with reasoning mode off, on one Apple
M3 Max with 48 GB of unified memory, under a
native arm64 build with a context window of 8192
and all layers offloaded to the GPU. Decoding is
greedy (temperature 0) with a 32-token generation
budget. A full stage 1 pass over the open split
(253 items) costs 12 min 48 s of server time (3.0's
per instance); over the 50-item test split it costs
3min12s, and an end-to-end run of the pipeline
over that split — server start-up, stage 1, both au-
dits and the ten adjudication calls — takes just over
four minutes.

B Post-hoc Test-Split Annotation

Protocol. One author labelled all 50 test items af-
ter the submission deadline, in dataset order, from
the official annotation guidelines and the Japanese
question-response alone. No system prediction,
posterior or class count was visible during the pass,
and the published balance constraint was deliber-
ately not enforced. That the resulting counts satisfy
it anyway is an observation about the pass, not a
constraint imposed on it.

Counts. +2: 10, +1: 10, 0: 10, —1: 10, —2: 10.
Applying Eq. 1 to this labelling gives I' = 0: no
class is over quota, so the annotation is certified by
exactly the same test that certifies the submitted file
— and, as §5.2 records, on this split that certificate
is compatible with two errors.

Relation to the submitted file. The annotation
and the submitted file coincide on all 50 items, so
the only disagreements to report are with stage 1.
They are the three items below, which are precisely
the ones stage 3 relabels (§4.3); each moves onto
the label the annotation gives it.

Only 259 is near the stage 1 decision boundary; on
the other two the per-item posterior is confidently
on the label the annotation rejects. On 300 that
still costs nothing, because the rest of its bucket is

id  stage 1 annotation P(stage 1) P(annot.)
259 +1 -1 0.506 0.452
296 +1 -1 0.829 0.152
300 +2 0 0.888 0.007

saturated at 0.998 or above and confidence alone
isolates it; on 296 it does, and 296 is precisely
the item min-cost assignment misses and forced
choice recovers (§5.1). The coincidence on all 50
items is not evidence that either labelling is correct:
one annotator reading the same guidelines that the
prompt was written from can converge on the same
labelling including its errors, and the official score
(§5.2) shows that two of the 50 are wrong in both.

C Alternative Uses of the Quota

This appendix expands the lower block of Table 2.
All three alternatives consume the same published
quota as stages 2 and 3; none of them beats the
forced choice.

Min-cost assignment. Within each over-full
bucket the assignment flips the s items of small-
est margin, which is the right rule only when the
error is also the least confident candidate. In the
rerun’s +2 bucket it is: the surplus is 1 and the real
error, id 300, is the least confident of the eleven at
P=0.888 against 0.998 or above for the other ten.
In the +1 bucket it is not: the surplus is 2 and the
two real errors rank first (id 259, 0.506) and third
(id 296, 0.829), so the assignment takes the two
cheapest — correcting 259, breaking 288 (0.584)
and never reaching 296. Stage 3 inverts exactly
that pair, naming 296 in all five rotations and 288
in one.

Ensemble majority vote. The per-item majority
over 16 full test-split runs, spanning four models
under varying prompt and decoding settings. It
reproduces the submitted stage 1 argmax on all 50
items, the wrong one included: on id 300 the runs
split 12 42 to 3 0 and 1 —1, so the ensemble does
not improve upon the argmax and the vote carries
no information the argmax did not already have.

Consensus-spread ranking. The same 16 runs
read for their disagreement rather than their major-
ity: inside each quota-flagged bucket, candidates
are ranked by how many runs agree with the flagged
label and the least-agreed s are reassigned. In the
+2 bucket ten of the eleven candidates are unan-
imous at 16/16 and id 300 is the sole exception
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at 12/16. It selects the same three items with the
same destinations as stage 3. A wrong prediction
every run agrees on stays invisible to it, so it is a
cheaper substitute for stage 3 only where an ensem-
ble already exists.

D Open Split Results

Systems. The learned non-LLM baselines are
a logistic regression over counts of hand-curated
Japanese hedging and commitment cue phrases,
and a fine-tune of bert-base-japanese-v3 (To-
hoku NLP Group, 2023) — a 110M-parameter
BERT (Devlin et al., 2019) pre-trained on Japanese
Wikipedia and the Japanese portion of CC-
100 — run once with the default cross-entropy
objective and once with class-balanced loss.
The models compared are Qwen3.6-35B-A3B
(Qwen Team, 2026a), Qwen3.8-27B (Qwen Team,
2026b), Qwen3-30B-A3B-Instruct-2507 (Qwen
Team, 2025), Gemma-4-12B-it (Gemma Team,
2026), GPT-OSS-20B (OpenAl, 2025), DeepSeek-
R1-Distill-Qwen-32B (Guo et al., 2025) and Shisa-
v2-Qwen2.5-32B (Lin and Lensenmayer, 2025),
all served locally as GGUF quantisations under the
setup of §4.5, together with Claude Opus 5 (An-
thropic, 2026), which is called through the vendor
API. Table 3 abbreviates these names.

Table 3 reports the open split, where gold labels
are released. The prompt scores 0.684 accuracy un-
der free generation and 0.676 under the verbaliser
scoring the submission uses, so the decoding inter-
face is close to inconsequential for accuracy and
the residual error does not live in label extraction.
All three out of four non-LLM baselines; the cue-
lexicon regression and the unweighted encoder sit
within one point of a constant 41 predictor on ac-
curacy while differing by more than ten points in
macro-F;. The unweighted encoder collapses onto
the majority class (macro-F; 0.153) and accuracy
alone does not show it. The gap from the best base-
line to the LLLM is 13 points of accuracy and 16 of
macro-F1, so the label is not recoverable from cue-
phrase counts or from fine-tuning a 110M encoder
on ~200 examples per fold, and the LLM com-
parison is measuring something other than surface
form.

Among models, Qwen3.6-35B-A3B is the
strongest on accuracy and was submitted on that ba-
sis; Claude Opus 5 is 2.0 points behind on accuracy
but 6.7 ahead on macro-F1, the only model appre-
ciably better than chance on the two rare classes.

System Acc. M-F;
Non-LLM baselines (5-fold CV, out-of-fold)

Majority class (+1) 0.549 0.142
Cue lexicon + LR 0.557 0.251
Encoder fine-tune 0.553 0.153

class-balanced 0.522 0.249

LLMs, zero-shot, identical prompt, greedy decoding

Qwen3.6-35b-a3b (ours) 0.684 0.407

verbaliser (stage 1) 0.676 0.404
Claude Opus 5 (AP]) 0.664 0.474
Qwen3.8-27b 0.652 0.382
Gemma-4-12b-it 0.644 0.363
Qwen3-30b-a3b 0.605 0.335
GPT-OSS-20b 0.601 0.352
Shisa-v2-Qwen2.5-32b 0.534 0.292
DeepSeek-R1-Distill-32b  0.486 0.303

Table 3: Open split (n=253, released gold), accuracy
and macro-F;. Learned baselines are out-of-fold predic-
tions from 5-fold CV; stratified CV is infeasible because
the —2 class has two members.

The Japanese-specialised fine-tune is second to last,
so in-language specialisation at 32B does not sub-
stitute for general capability.

E Multi-Part Aggregation

Two guideline clauses in tension. The aggrega-
tion rule is not an addition to the official guidelines;
it resolves an ambiguity already in them. EBISU’s
general annotation rules (Peng et al., 2026b, Ap-
pendix A.2) contain both of the following:

When multiple signals appear, the label
reflects the strongest applicable commit-
ment or refusal expressed in the answer.

Annotation is based on the overall stance
of the full response, rather than isolated
sentences or individual expressions; la-
bels reflect the speaker’s dominant com-
mitment or refusal as conveyed by the
answer as a whole.

Read as unrestricted rules over a response, the
two disagree on exactly the responses that mat-
ter. Where a response carries spans at different
commitment levels, the first clause takes the max-
imum over those spans and the second takes the
dominant stance across them: a hedged answer
containing one committal sentence is +1 under the
first rule and O under the second. Table 4 is that
disagreement in the data. Item (a) is labelled cor-
rectly only under the strongest-signal clause — its
two asks are answered at +1 and 0, and reading the
response as a whole yields the O that the gold label
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rejects. Item (b) is labelled correctly only under the
overall-stance clause — one ask, one long hedged
response, and the strongest-signal reading latches
onto the committal closing span and returns the +1
that the gold label rejects.

Resolution by scope. The clauses are not contra-
dictory once the quantifier they are silent about is
supplied. A multi-part question makes the response
a set of sub-answers, one per ask; a single-part
question makes it one answer. Strongest-signal is
then the rule across asks and overall-stance the rule
within one, and both items of Table 4 are recovered.
This is why the directive in the stage 1 prompt
(§4.1) is gated rather than stated unconditionally.
EBISU never has to state the scope condition, be-
cause its curation removes multi-part items before
annotation begins; the released open split retains
them (§3), so a participant prompting from those
guidelines has to decide the case that the guidelines
do not.

Detector. The gate is a lexical heuristic over
the question text alone. It splits the question on
sentence-final punctuation and line breaks, counts
the sentences carrying a request or interrogative
marker (~ <723\, ~TUI LW, ~filLr/zuy,
a trailing 1>/ before the full stop, or an interrog-
ative word), and flags the question when two or
more sentences ask something, or when an addi-
tive connective (£7=. , Mz T, 3512, 1 9
— i, 255 H) occurs in a question of more than
one sentence. Keying on the question particle /*
alone would miss most of them: Japanese investor-
relations questions are usually phrased as requests
rather than as syntactic interrogatives.

Validation. We audited all 76 flagged open-split
questions by hand — a single-annotator pass by
the author, like the annotation of Appendix B,
whose item-level judgements accompany our re-
leased code — counting an item as multi-part when
it poses two or more asks that could be answered
at different commitment levels, and not when the
second ask restates the first, offers an A-or-B alter-
native within one ask, or is preamble. 52 of 76 are
confirmed, a precision of 0.68. The 24 rejections
are one ask restated or elaborated (14), a single
ask split by a line break inherited from the source
disclosure (5), an A-or-B alternative within one
ask (3), &5 » T matched inside the non-additive
~I2 &b T (1), and one item whose question
and response fields are transposed in the release
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(1). A sample of 30 of the 177 unflagged questions
contains two genuine multi-part items, both posing
their asks in nominal form (~13. ), which car-
ries no marker the detector keys on; extrapolated,
that is ~12 further items, for a corrected rate near
25% against the detector’s 30.0%. The flag rate is
also uneven along the split: in consecutive blocks
of fifty it runs 12%, 44%, 28%, 24% and 44%.
The first block is the outlier and the remaining 203
items are flagged at 34.5%, so the unevenness is a
step at the start rather than a gradient. We can say
no more than that from the release, which carries no
provenance column: in particular the step does not
fall at item 94, the size of the JF-ICR set EBISU
itself evaluates — the first 94 items are flagged
at 28.7%, where EBISU’s exclusion of multi-part
questions would predict close to zero, so the open
split is not that curated set plus an extension. None
of this changes the test-split figure, where all 50
questions are single-sentence and none is flagged.



(a) Multi-part question open split, item 3 Label

Ask 1 25FEOFEMHEOT R ZHZ T L,
‘Please explain the background to the FY25 earnings target.

— Sllx. ZOXEIEEZ THn ) STV EHHZERL /-, +1
‘This time, taking that lesson on board, we aimed for a plan that is easy to understand.’

Ask2  E/-. BBEFECRIC X 2 WETRENE D - 2B Wato TH L zi# 3 %
FRUIH B DD
‘And if the environment changes under trade policy, are there means to contain the down-
ward pressure on earnings?’

= BRHEm RS EbNE. BHEZREFTZLIcn s L) fRIEEEoNIEZE 0
SNBEHEZ TS,
‘If the environment changes materially we will revise the plan [...] we would end up
having to respond the same way.’

Labelled jointly, with no rule stated 0
Labelled by its most committal part (ours) gold: +1 +1
(b) Single-part question open split, item 34 Label

Ask Stz HIRO SRPCR o 7l LIcis 2 7.

‘What is your view on the outlook for Bank of Japan monetary policy?’

—  KER] EFERERICHE0IE S IFEEEHELTES T [..) hedged
‘We do not attach much importance to whether the next rate hike comes around the new
year|[...]’

o WTNICHERETEE IR LFe27225 E #2012, committal
‘In any case, we think a hike will come by around next summer.
Rule stated unconditionally +1
Rule gated on the multi-part detector, so not stated (ours) gold: 0 0

Table 4: Why the aggregation rule is stated, and why it is gated. In (a) the two asks are answered at different
commitment levels, so the item has no determinate label until the prompt says which part governs: taking the
most committal part recovers the gold label, labelling the question jointly does not. In (b) a single ask draws
one long response that nonetheless contains spans at differing commitment levels, and the same directive stated
unconditionally latches onto the most committal span, over-labelling an item the annotator read as hedged. Responses
are elided to the decisive spans; English glosses are ours.
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