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Abstract

The ALTA 2026 Shared Task gives Google re-
views and Reddit comments written in Aus-
tralian or British English. A system must pre-
dict, for each text, whether it is positive or
negative and whether it is sarcastic. Each
label is scored only on the variety of En-
glish where the system does worse, so strength
on one cannot make up for weakness on the
other. The system of team thylinao aver-
ages the probabilities predicted by three kinds
of model: fine-tuned encoders, larger gener-
ative language models fine-tuned with low-
rank adapters, and language models that are
prompted but not trained. A threshold for
each label, variety and source turns the aver-
age into a label. In cross-validation, this av-
erage scored about 0.01 above its best single
model, mostly through the fine-tuned gener-
ative models. Changes to the loss or train-
ing data of a single encoder did not reach the
gain of 0.005 set in advance for accepting a
change. Our best submission, which also in-
cludes prompted models whose gain was be-
low that mark, scored 0.8675 and ranked first
on the official test leaderboard. The organis-
ers found the difference of 0.0007 to the run
ranked second not statistically significant and
treated the two runs as tied.

1 Introduction

Classifiers for sentiment and sarcasm are usually
evaluated on one standard variety of a language.
BESSTIE (Srirag et al., 2025) provides labelled re-
views and comments in three varieties of English.
Its authors report that models perform less well on
some varieties than on others, and that sarcasm is
harder than sentiment in all of them. The ALTA
2026 Shared Task (Molla et al., 2026) uses the
Australian and British parts of this dataset. For
each of the two tasks, sentiment and sarcasm, its
score takes the lower of the macro-F1 values of the
two varieties (Section 2). A system therefore im-

proves its score only by improving its result on the
variety on which it is weaker.

This paper describes the system that team
thylinao submitted. The system averages the prob-
abilities of three families of model: fine-tuned en-
coders, decoder language models fine-tuned with
low-rank adapters, and frozen language models
whose answers are turned into probabilities (Sec-
tion 3). We call this average the blend. A decision
threshold is then applied, tuned for each task, vari-
ety and source of the text.

The labelled data contain few examples of the
rarer classes, so small differences between sys-
tems are hard to measure. We therefore describe in
some detail how systems were compared, includ-
ing a rule for accepting a new component that was
fixed in advance (Section 4).

The best of our three submissions scored 0.8675
and ranked first on the official test leaderboard.
The organisers found the difference of 0.0007 to
the run ranked second not statistically significant
and treated the two runs as tied (Section 5). We
report the following observations.

* In our cross-validation, the one accepted
change that we used was the addition of the
decoders with adapters to the blend. No
change to the loss or to the training data of a
single encoder met the acceptance rule (Sec-
tion 6).

e Two further ideas, tested under a rule
recorded before their results were known, did
not meet it either. Adding the most similar
labelled training texts to the input of a fine-
tuned encoder lowered the score, and adding
notes written by a language model did not
change it measurably (Section 7).

* The difference of 0.0007 between the first
two runs on the leaderboard is small against
the variation estimated for our own scores.
For the difference between two of our sub-



Rows Positive (%)
Variety Source Train Valid Test Sent. Sarc.
en-AU Google 946 130 270 735 7.0
en-AU Reddit 1,763 241 501 319 419
en-UK Google 1,817 248 516 748 0.1
en-UK Reddit 1,005 138 286 114 21.7
All 5531 757 1,573 494 185

Table 1: Number of rows in each cell of the released
data, and the share of training rows with positive senti-
ment and with sarcasm.

missions on about as many rows as the test
set, the standard deviation was about 0.007
(Section 5).

Related work. On BESSTIE, Maheshwari et al.
(2026) fine-tune language models with one low-
rank adapter per variety and with a mixture of ex-
perts. Singh et al. (2025) add explanations to its
sarcastic texts and study prompting for explain-
able sarcasm detection in Australian and Indian
English. Our system does not model the varieties
separately. It gives the variety to each model as
part of the input and tunes the thresholds per vari-
ety.

2 Task, Data and Metric

Task. The ALTA 2026 Shared Task (Moll4 et al.,
2026) asks for two binary labels for each text: sen-
timent (negative or positive) and sarcasm (not sar-
castic or sarcastic). We refer to the prediction of
each label as a task, so there is a sentiment task and
a sarcasm task. Each text is written in Australian
English (en-AU) or British English (en-UK).

Data. The data are the en-AU and en-UK parts
of BESSTIE (Srirag et al., 2025). Each text comes
from one of two sources, Google Places reviews or
Reddit comments. The organisers released 5,531
training rows and 757 validation rows with labels,
and 1,573 test rows whose labels were withheld.
We call a combination of variety and source a cell.
Table 1 shows that the four cells differ. About
three quarters of the Google reviews are positive
and few are sarcastic; in the en-UK Google cell,
one training row out of 1,817 is sarcastic. Most
Reddit comments are negative, and 42 percent of
the en-AU comments and 22 percent of the en-UK
comments are sarcastic. The two labels are closely
linked: 990 of the 1,024 sarcastic training rows
have negative sentiment.

Metric. For each task and each variety, the
organisers compute macro-F1, which is the un-
weighted mean of the F1 values of the two classes.
This gives four values. The score of a system is

min(SAU, SUK) + min(cAUa CUK)
2 )
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where s is the macro-F1 for sentiment and c the
macro-F1 for sarcasm. As an example, our best
submission obtained 0.9257 (en-AU) and 0.9763
(en-UK) for sentiment, and 0.8093 (en-AU) and
0.8371 (en-UK) for sarcasm. The lower values
of the two tasks are 0.9257 and 0.8093, and their
mean is 0.8675. Only the lower value of each task
enters the score, so an improvement on the other
variety leaves the score unchanged. We call the
variety with the lower value the binding variety of
that task.

Rules. Predictions had to be produced automati-
cally, and any resource could be used except the la-
bels of the test data. Our submitted systems were
trained only on the labels released for the shared
task. Each team could make three submissions on
the test set, and the best of the three was ranked.
The labels of the validation file were public, and
the development leaderboard was computed on
that file. We trained on that file as well, so we
did not use the development leaderboard to choose
between systems and relied on cross-validation in-
stead (Section 4). The organisers’ baseline scored
0.7727 on the test set.

3 System

3.1 Overview

The system has three stages (Figure 1). First, sev-
eral models each give, for every text, a probability
that the sentiment is positive and a probability that
the text is sarcastic. We call each of these models
a member. Second, the probabilities of the mem-
bers are averaged with fixed weights, separately
for each task. Third, the averaged probability is
compared with a decision threshold that depends
on the task and on the cell of the text. The mem-
bers belong to three families, described below and
listed in Table 2.

All trained members are fitted on the training
and validation files together (6,288 rows). The
rows are split into five folds, three times (Sec-
tion 4.1). For each fold, one model is trained on
the other four folds. We call it a fold model. Each



Members, each giving two probabilities per text:
encoders, decoders with adapters, frozen readouts
¥
Weighted average of the member probabilities,
separately for sentiment and for sarcasm
¥
Threshold for the task, variety and source,
which gives the sentiment and the sarcasm label

Figure 1: The three stages of the system.

Member Cv S1I S2 S3

Fine-tuned encoders
DeBERTa, weights per variety 0.8591 1/1

DeBERTa, four-class head 0.8551 0/1 0/1
DeBERTa, sarcasm loss twice 0.8614 1/2 12
RoBERTa-large 0.8339 1/1 1/1
XLM-RoBERTa-large 0.8158 1/0 1/0

Decoders with adapters
Llama-3.3-70B-Instruct
Mistral-Small-Instruct-2409

0.8540 2/0 172 2/0
0.8558 1/1 0/1 1/1

Qwen3-32B 0.8531 0/1 0/1 0/1
Verbalised readouts

Qwen3.8-27B 0.8154 1/0

ornith1.5:35b 0.8125 1/0
Token-probability readouts

Direct prompt 0.8222 1/1

Guideline prompt 0.8346 171

Guideline with neighbours 0.8504 171
Units per task 6/6 4/5 9/9

Table 2: The members of the three submissions (S1 to
S3). CV is the cross-validated score of the member
used alone (mean of the two decision repetitions, Sec-
tion 4.1). An entry such as 0/1 gives the units of weight
for sentiment and for sarcasm, and the weight in a task
is the number of units divided by the units per task. De-
BERTa stands for DeBERTa-v3-large.

trained member therefore consists of 15 fold mod-
els. The input to every trained model is the string
“variety | source | text”, so the model is told the
variety and the source.

3.2 Fine-tuned encoders

An encoder is a language model that reads the
whole text and returns one vector per token. The
first family consists of DeBERTa-v3-large (He
etal., 2023), RoBERTa-large (Liu et al., 2019) and
XLM-RoBERTa-large (Conneau et al., 2020). The
mean of the token vectors feeds two linear heads,
one per task. A linear head is a single layer that
turns the vector into scores for the two classes.
The two cross-entropy losses are added, and class
weights are used because the classes are imbal-
anced. For DeBERTa, we use three variants of the
loss. In the first, the class weights are computed
separately for each variety. In the second, a single

head predicts the four combinations of the two la-
bels. In the third, the class weights are pooled over
the varieties and the sarcasm loss counts twice.
RoBERTa and XLM-RoBERTa use the first vari-
ant. All encoders are trained for four epochs with a
maximum input length of 256 tokens. Appendix A
gives the remaining settings.

3.3 Decoders with adapters

A decoder is a language model trained to pre-
dict the next token. The second family consists
of three decoders, which are larger than the en-
coders: Mistral-Small-Instruct-2409 (Mistral Al,
2024), Qwen3-32B (Yang et al., 2025) and Llama-
3.3-70B-Instruct (Grattafiori et al., 2024; Meta
Llama, 2024). Each model is loaded with its
weights stored in four bits each (quantisation) and
is fine-tuned with low-rank adapters of rank 64
(Hu et al., 2022; Dettmers et al., 2023). These are
small added matrices. The models are not used
to generate text. As with the encoders, two linear
heads and the loss with class weights per variety
are used. The heads are placed on the vector of
the last token. Only the adapters and the heads are
trained. Training runs for three epochs.

Some of these fine-tuning runs diverged: the
training loss stayed high and the scores on the held-
out fold stayed low. A fold model whose mean
training loss in the second epoch is above 0.6 is
therefore retrained with a different random seed.
This rule reads only the training loss. Of the 45
fold models of the three decoders, 8 were retrained
in this way (Appendix A).

3.4 Frozen language model readouts

The third family uses language models without
any training. The models are reached through an
inference service operated by our university, with
one request per text. No parameter is fitted for
these members. Every request asks the model to
answer directly, with its reasoning mode switched
off.

A readout turns an answer of the model into
the two probabilities. We use two kinds. In the
first, which we call the verbalised readout, the
prompt gives a short definition of sarcasm and a de-
scription of the two sources, and the model writes
two numbers between 0 and 100. These are its
estimates, in percent, of the probability that the
sentiment is positive and that the text is sarcas-
tic. This is done with two models, Qwen3.8-27B
(Qwen, 2026) and a second model that the ser-



vice lists as ornith1.5:35b, for which we do not
know the public release name. A third member,
with four fixed labelled examples in the prompt
for Qwen3.8-27B, is compared in Section 6 but is
in no submission.

In the second, which we call the token-
probability readout, the model answers on two
lines, ““sarcastic: yes or no” and “sentiment: posi-
tive or negative”. The service returns the probabil-
ities of the most likely tokens at each position. We
take the probability of “yes” divided by the sum of
the probabilities of “yes” and “no”, and likewise
for “positive” and “negative”. Three prompts are
used with Qwen3.8-27B:

* Direct: the same definition of sarcasm as in
the verbalised readout, with a shorter descrip-
tion of the two sources.

* Guideline: the label definitions from the an-
notation guideline of the dataset paper.

* Guideline with neighbours: the guideline
prompt, with six labelled texts of the same
variety and their labels placed before the text
(Liu et al., 2022). These are the six most sim-
ilar labelled texts by the cosine of BGE-M3
embeddings (Chen et al., 2024). When none
of them is sarcastic, the least similar one is re-
placed by the most similar sarcastic text; this
was the case for about 61 percent of the cross-
validation rows.

For a row of the cross-validation data, neighbours
are never taken from the fold that contains the row,
which also excludes the row itself and exact copies
of it. For a test row, all labelled rows can be neigh-
bours. Appendix B gives the prompts.

3.5 Blending

For each task, the blended probability is a
weighted average of the member probabilities. For
Submissions 1 and 2, the weights are found by
greedy forward selection with replacement (Caru-
ana et al., 2004). The search starts from the best
single member. At each step it adds, to one of
the two tasks, the member that most improves the
cross-validated score of Section 4.1, and it stops
when no addition improves the score by more than
0.0001. Each selection adds one unit of weight, so
a member that is selected twice counts twice. Sub-
mission 3 adds members to the weights of Submis-
sion 1 by the rule of Section 4.3.

3.6 Decision thresholds

A text receives the positive label of a task when its
blended probability is at least as large as a thresh-
old. The share of positive labels differs between
cells (Table 1), so we did not use one threshold of
0.5 for all rows. We use eight thresholds, one for
each combination of task, variety and source. For
each task and variety, one threshold is first tuned
on all rows of the variety. The thresholds of the
two sources start from this value and are then ad-
justed in turn, each to maximise the macro-F1 of
the variety (Lipton et al., 2014), because this is the
quantity that enters the score. A cell with fewer
than ten positive rows is not adjusted and keeps
the starting value; this applies to sarcasm in the
en-UK Google reviews. A second starting value is
also tried (Appendix C).

As an example, in Submission 3 the sarcasm
threshold is 0.410 for en-AU Reddit comments
and 0.431 for en-UK Reddit comments (Ap-
pendix C). A blended probability of 0.42 therefore
gives the label sarcastic for an en-AU Reddit com-
ment and the label not sarcastic for an en-UK Red-
dit comment.

For the test set, the out-of-fold probabilities
of the blend (Section 4.1) are averaged over the
three repetitions, and the thresholds are tuned once
on all 6,288 labelled rows. The probability of a
trained member for a test row is the average over
its 15 fold models.

4 Evaluation Protocol

4.1 Cross-validation

The choices between systems were made with re-
peated cross-validation on the 6,288 labelled rows.
We built three repetitions of five folds each. The
folds are stratified by variety, source and the two
labels, and texts that are exact copies of each other
are placed in the same fold. A fold model predicts
only the rows of the fold that it was not trained on.
We call these out-of-fold predictions.

The thresholds of Section 3.6 are handled in the
same way. For each fold, the thresholds are tuned
on the rows of the other four folds and applied to
the rows of that fold. The labels obtained for all
rows are then scored with the organisers’ scoring
script. We call the result the cross-validated score.
With this procedure, a threshold is never evaluated
on a row that was used to tune it.

The acceptance rule (Section 4.2) and the search
for the blend weights read two of the three rep-



etitions. We call them the decision repetitions.
The third, the check repetition, was not read by
either. Its scores were computed for single mem-
bers during development and for each blend after
its weights had been fixed. We report the scores
of the three submissions as a check (Section 5.2).
In the check repetition, all validation rows were
placed in the same fold, which Section 5.2 uses to
score them alone.

4.2 Acceptance rule for new components

We fixed a rule for accepting a new component and
recorded it on 5 September 2026, before the first
comparison. A component was accepted when
three conditions held on the two decision repeti-
tions.

* The cross-validated score rose by at least
0.005 on average.

* The lower of the two sarcasm macro-F1 val-
ues (en-AU and en-UK) did not fall by more
than 0.005 on average.

* The score was also computed on the rows of
each fold alone, which gives ten differences
between the system with and without the
component. These ten differences were re-
sampled with replacement, a bootstrap (Efron
and Tibshirani, 1994), and the 95 percent in-
terval of their mean had to lie above zero.

Comparisons that were run together also had
to pass the Benjamini-Hochberg procedure (Ben-
jamini and Hochberg, 1995) at a level of 0.10, ap-
plied to the share of bootstrap means at or below
zero. The procedure limits the share of false ac-
ceptances among several comparisons.

We checked the rule on simulated members
built from the real labels and folds. A change that
added only noise was accepted in 3 of 100 trials,
and a change that corrected 30 percent of the errors
of a member in 99 of 100. When the candidate was
a separately generated member of the same quality,
it was accepted in 19 of 100 trials. The bootstrap
over folds does not capture the variation between
separately trained models, so its interval is too nar-
row in that case. We kept the rule as it had been
fixed.

4.3 Choice of the three submissions

The three submissions allowed by the rules were
chosen as follows.

Submission 1. This submission is the result of
the greedy search of Section 3.5 over a pool of
nine members. The pool is the set of members
from which the search may choose. The starting
pool held the five encoders of Table 2 and a lo-
gistic regression on TF-IDF features (the TF-IDF
classifier). The three decoders with adapters were
added after they had met the acceptance rule as a
family (Section 6). The search did not select the
TF-IDF classifier or the DeBERTa member with
class weights per variety.

Submission 2. This submission is a blend that
was chosen to differ from Submission 1. A can-
didate qualified under two conditions. Its cross-
validated score had to be within 0.01 of that of
Submission 1. Its en-UK sarcasm predictions had
to differ from those of Submission 1 on at least 5
percent of the rows that either blend labelled sar-
castic. When this condition was written, en-UK,
which has fewer sarcastic rows, was regarded as
the binding variety for sarcasm. Among the quali-
fying candidates we took the one with the highest
cross-validated score. It was obtained by remov-
ing the member with the largest weight in Submis-
sion 1 (DeBERTa with the sarcasm loss counted
twice) from the pool, adding the verbalised read-
outs to the pool, and running the greedy search
again.

Submission 3. This submission was chosen by
a rule recorded on 17 September 2026, before
any of the candidate members existed. The first
version of the rule considered only blends that
contain newly fine-tuned decoders. Two amend-
ments, on 17 and 18 September, added the candi-
date that was finally selected, Submission 1 with
token-probability readouts added. The second
amendment was written after results for two of the
readouts on two samples of about 700 rows were
known, and before any token-probability readout
had been run on all rows (Appendix E).

For each candidate, the rule takes the expected
value of the best of three scores, those of Submis-
sions 1 and 2 and of the candidate. The candidate
with the highest value is chosen, provided that its
cross-validated score is not more than 0.005 be-
low that of Submission 1. The expected value is
estimated on each of the two decision repetitions
and then averaged. For each repetition, we draw
5,000 bootstrap samples of out-of-fold rows, each
of about the size of the test set, score the three
blends on every sample, and average the highest of



the three scores. The selected candidate adds the
three token-probability readouts to Submission 1,
each with one unit of weight per task.

From the same samples we recorded, before any
test score was available, the share of samples in
which each submission was the best of the three:
0.21 for Submission 1, 0.28 for Submission 2 and
0.51 for Submission 3.

5 Results
5.1 Official test results

Table 3 gives the results. The three submissions
scored 0.8582, 0.8627 and 0.8675 on the test set.
In all three, en-AU was the binding variety in both
tasks, and the lowest of the four values was en-AU
sarcasm.

With 0.8675, Submission 3 ranked first on the
official test leaderboard, which has 22 runs, one
per participant, including the organisers’ baseline.
The run ranked second scored 0.8668. The or-
ganisers compared the two runs with a Wilcoxon
signed-rank test on 500 bootstrap resamples and
found the difference not statistically significant
(p = 0.40). They treated the two runs as tied.'

Separately from the organisers’ significance
test, we estimated the variation of our own scores
with the bootstrap of Section 4.3, which resamples
cross-validation rows. It gives a standard devia-
tion of about 0.0095 for the score of one of our
submissions on a sample of about the size of the
test set. For the difference between two of our sub-
missions it gives 0.0065 to 0.0078, depending on
the pair. On the test set, our three submissions dif-
fer by 0.0045 to 0.0093, about 0.6 to 1.4 times the
standard deviation of the same pair. We have no
such estimate for the difference between our run
and the run ranked second.

5.2 Cross-validation estimates and test
results

Level. The cross-validated scores of the decision
repetitions were 0.0063 to 0.0137 above the test
scores. This direction is expected in part, be-
cause the blend weights were selected on the same
out-of-fold predictions. The check repetition gave
lower values, still above the test scores.

Order. Averaged over the two decision repeti-
tions, cross-validation ordered the three submis-
sions as the test set did. Submission 3, the best

"Message from the organisers to the two teams, 1 October
2026. The organisers described the outcome as provisional.

of the three in a share of 0.51 of the bootstrap sam-
ples (Section 4.3), obtained the highest score. This
is a single outcome and may be due to chance.
The three cross-validated scores lie within 0.002
of each other, and neither repetition taken alone
gave the order of the test set. The expected best
score had been estimated as 0.8752; the best score
obtained was 0.8675.

The validation rows alone. In the check repeti-
tion, all 757 validation rows lie in one fold. We
scored the three blends on these rows alone, with
thresholds tuned on the other four folds. The
scores were 0.8527, 0.8474 and 0.8765. This is
a spread of 0.0291, against 0.0093 on the test set,
and a different order. On these rows the binding
variety for sarcasm was en-UK, whereas it was en-
AU on the full cross-validation data and on the test
set. This is one outcome, and the test set does not
separate the three submissions either (Section 5.1).

The four macro-F1 values. In cross-validation,
Submission 3 differed from Submission 1 mainly
in en-UK sarcasm (40.0258) and hardly in en-
AU sarcasm (—0.0005). On the test set it was
the other way round (—0.0039 and +0.0148). By
the formula of the score, the 0.0093 by which
Submission 3 exceeded Submission 1 on the test
set comes from the two en-AU values: 0.0074
from sarcasm and 0.0019 from sentiment. Cross-
validation had not indicated a gain for en-AU sar-
casm, and no member was scored alone on the test
set. We therefore do not attribute the higher test
score to a particular member.

6 Development Experiments

Table 4 lists the main comparisons, and Ap-
pendix D gives the others.

Changes to one encoder. We tried five variants
of the loss for DeBERTa-v3-large: the three of
Section 3.2, pooled class weights without the dou-
bled sarcasm loss, and a focal loss, which gives
less weight to rows that the model already classi-
fies with confidence. Their cross-validated scores
lie within 0.007 of each other (0.8547 to 0.8614),
and no variant was accepted as better than another.
The variant with the sarcasm loss counted twice
was 0.0023 above the variant with class weights
per variety. Its per-fold interval lay above zero, but
the gain was below the required 0.005. Six epochs
of training and a greedy blend over three runs with
different seeds were not accepted either.



Cross-validation Test set
Decision Check Sentiment Sarcasm
repetitions  repetition en-AU en-UK en-AU en-UK  Score
Submission 1 0.8719 0.8685 0.9219 09725 0.7945 0.8410 0.8582
Submission 2 0.8723 0.8661 09192 09750 0.8061 0.8502 0.8627
Submission 3 0.8738 0.8689 0.9257 09763 0.8093 0.8371 0.8675
Organisers’ baseline 0.8657 09311 0.6797 0.6961 0.7727

Table 3: The three submissions and the organisers’ baseline. Cross-validated scores are given as the mean of the
two decision repetitions and for the check repetition; test values are from the competition platform.

Change in Per-fold change
Change score Mean 95% interval Accepted
One encoder, change to the training (against DeBERTa with class weights per variety)
One four-class head —0.0038 —0.0002 [—0.0057, +0.0057] no
Pooled class weights, sarcasm loss twice™ +0.0023  4+0.0079 [+0.0023, +0.0140] no
One encoder, more data (against the same DeBERTa member)
Added en-IN rows of BESSTIE —0.0026  4+0.0003 [—0.0091, +0.0084] no
Prior fine-tuning on SARC —0.0111 —0.0099 [—0.0168, —0.0045] no
Added paraphrases of en-UK sarcastic rows —0.0089 —0.0028 [—0.0103, +0.0056] no
Prior training on comments labelled by our models ~ +0.0014  4-0.0023  [—0.0109, 4-0.0126] no
Blend with a family added (against the blend without it)
Three decoders with adapters™ +0.0069  +0.0069 [4+0.0026, +0.0111] yes
Three verbalised readouts™ +0.0040 +0.0029 [+0.0019, +0.0039] no
Three token-probability readouts™ +0.0016  +0.0017 [—0.0019, +0.0045] no

Table 4: Comparisons made with the acceptance rule of Section 4.2. “Change in score” is the change in cross-
validated score. “Mean” and the interval refer to the ten per-fold changes; this mean differs from the change in
score because macro-F1 on all rows is not the average over folds. An asterisk marks predictions recomputed from

the saved checkpoints (Appendix G).

More data for one encoder. Two experiments
added rows to the training data: the Indian En-
glish (en-IN) rows of BESSTIE, and paraphrases
of the sarcastic en-UK rows written by Qwen3.8-
27B. Two added a first stage of training: on the
SARC corpus of Reddit comments (Khodak et al.,
2018), and on Reddit comments labelled by our
own models. None was accepted. The stage on
SARC lowered the score by 0.0111, with an inter-
val below zero.

Other model families. The one change in Ta-
ble 4 that was accepted added a different family
of models to the blend. Adding the three decoders
with adapters to the starting pool of Section 4.3
raised the cross-validated score of the blend from
0.8652 to 0.8721. Adding three verbalised read-
outs to the same starting pool raised it to 0.8692, a
gain of 0.0040. The interval was above zero, but
the gain was below the required 0.005, so the read-
outs were not accepted for Submission 1. Two of
them are used in Submission 2. Added to the blend
with decoders, the three token-probability read-
outs together raised the score by 0.0016 and were

not accepted. They entered Submission 3 through
the separate rule of Section 4.3. These three com-
parisons ran the greedy search from several start-
ing members and kept the best result. With the de-
coders this gives 0.8721, whereas the single search
of Submission 1 gives 0.8719.

Combining the members. Submission 1 scored
0.0105 above its best single member in cross-
validation (0.8719 against 0.8614). Without the
decoders, the blend scored 0.8652 with the search
from several starting members and 0.8626 with a
single search, so the decoders account for about
0.007 to 0.009 of this difference. A numerical
search over the weights, a learned combination by
logistic regression, and a rule that sets the senti-
ment to negative whenever sarcasm is predicted
were not accepted (Appendix D).

Two further decoders. After Submission 1 had
been fixed, we fine-tuned two more decoders in
the same way. Qwen3.8-27B reached a cross-
validated score of 0.8614, but the candidate blends
that contained it were not selected for Submis-
sion 3. Gemma-4-31B (Gemma Team et al., 2026)



did not pass a check, fixed in advance, that lim-
its how much its predictions may change with the
batch in which a row is scored (Appendix G), and
was not considered.

7 Two Experiments Planned in Advance

Late in the shared task, we tested two further ideas
for the fine-tuned encoders. For each, the de-
sign, the control and the decision rule were writ-
ten down before the first result of that experiment
was known. Both used DeBERTa-v3-large with a
maximum length of 512 tokens. The decision rule
consisted of the first and third conditions of Sec-
tion 4.2, with the Benjamini-Hochberg procedure
over the two experiments. Neither idea met it. The
analyses made afterwards, which were not planned
in advance, are in Appendix F.

Labelled neighbours in the input. Used alone,
the frozen guideline readout scored higher with
labelled neighbours than without them (Table 2).
We tested whether neighbours also help a fine-
tuned encoder. The input was extended with the
four most similar labelled texts of the same vari-
ety and their labels. For each fold model, neigh-
bours were never taken from the fold of the row
itself or from the fold held out for that model,
so no label of a held-out row entered an input.
The control was the same model without neigh-
bours. With neighbours, the cross-validated score
fell by 0.0241 (per-fold mean —0.0234, interval
[—0.0289, —0.0174]).

Notes written by a language model. For every
text, Qwen3.8-27B wrote a short note without see-
ing any label (the prompt is in Appendix B). The
note says what the references in the text mean,
and whether the literal wording and the apparent
attitude of the writer agree. The encoder was
fine-tuned with the note as a second input seg-
ment. The control was the same model with-
out notes, trained on the same type of GPU. The
cross-validated score changed by —0.0003 (per-
fold mean 4-0.0002, interval [—0.0036, +0.0041]),
so we observed no effect.

8 Notes on Reproducibility

Overlap between test and training texts. After
the test set was released, a check for repeated texts
found that 15 of the 1,573 test texts also occur in
the released training or validation files: 14 en-UK
Reddit comments and one en-AU Reddit comment.

We left the system unchanged: these rows stayed
in the training data, and no rule copies a label to
a test row. Two parts of the system could still use
the labels of these texts. The trained members had
seen the texts with their labels. The readout with
neighbours takes the neighbours of a test row from
all labelled rows of the same variety, so for these
15 rows the same text with its label was among the
neighbours shown in the prompt. The predictions
on these rows may therefore be better than on un-
seen text. This concerns about one percent of the
test set, and 14 of the 286 en-UK Reddit test rows.

Other notes. The code, the fold assignment and
the predictions of all members are available from
the author on request. Appendix G describes two
further points. The out-of-fold predictions were re-
computed from the saved checkpoints, which have
lower precision than the weights used during train-
ing. The outputs of the decoders depend on the
batch in which a row is scored. One of the two
checks of this dependence was changed after the
test set had been released and before any submis-
sion was made.

9 Conclusion

We described a system for sentiment and sarcasm
classification in Australian and British English
that averages the probabilities of three families of
model and applies a threshold tuned for each task,
variety and source. Its best submission scored
0.8675 on the test set of the ALTA 2026 Shared
Task and ranked first on the official test leader-
board. The organisers found the difference of
0.0007 to the run ranked second not statistically
significant and treated the two runs as tied.

In cross-validation, the blend scored about 0.01
above its best single member, and most of this dif-
ference appeared when the decoders with adapters
were added. Our other observations concern eval-
uation and are limited to this shared task and these
data. On the 757 validation rows, the order of the
three submissions differed from that on the test set.
With a second seed, the cross-validated score of
one encoder was 0.0051 lower, and on a different
type of GPU it was 0.0043 lower; both per-fold
intervals included zero (Appendices D and F).

Limitations

One test set. The test set has 1,573 rows. Re-
sampling the cross-validation rows gave a standard
deviation of about 0.0095 for one score on a set of



about this size, and of about 0.007 for the differ-
ence between two of our submissions. The largest
difference between our submissions on the test set
was 0.0093, and the difference between the first
two runs on the leaderboard was 0.0007. We can-
not say which of our submissions would be better
on new data. The reported score is the highest of
three test scores, which makes it an optimistic es-
timate for any one of them.

No test scores for components. Only three sub-
missions were possible, so no single member and
no ablation was scored on the test set. Every state-
ment about components rests on cross-validation.

Optimism of the cross-validated scores. The
blend weights were selected on the same out-of-
fold predictions that give the cross-validated score.
For each trained member, one training epoch was
chosen for each repetition with the help of the
held-out folds (Appendix A). Both make the cross-
validated scores too high. For the three submis-
sions, the score on the check repetition was 0.0034
to 0.0062 lower than on the decision repetitions,
and the test score was 0.0063 to 0.0137 lower.
The set of selected members was also not stable.
When the search was run on each decision repe-
tition alone, it selected different sets of members.
We had set in advance a minimum Jaccard index
of 0.7 between each of these sets and the selected
set. This index is the number of members that two
sets share, divided by the number of members that
are in at least one of them. The observed values
were 0.29 and 0.50, so this condition was not met.
We kept the blend unchanged. Its score on the
check repetition was within 0.01 of the decision
repetitions, which was another condition set in ad-
vance. The pool of Submission 1 was itself the re-
sult of earlier comparisons on the same repetitions.
None of its five encoders had met the acceptance
rule as a single model (Table 7). The other en-
coders of that table were left out after comparisons
and greedy searches in which they were neither ac-
cepted nor selected. The thresholds were tuned on
out-of-fold probabilities, which are averages over
three fold models (one per repetition), and applied
to test probabilities averaged over 15 fold models.
An average over 15 fold models may be distributed
differently from an average over three, so these
thresholds may not be the best ones for the test
set.

The acceptance rule. The bootstrap interval of
the rule is too narrow when two separately trained
models are compared (Section 4.2). Most com-
parisons in Table 4 and in Section 7 are of this
kind, and each configuration was trained once per
repetition. Intervals that lie close to zero should
be read with this in mind. The comparisons that
add a family to the blend refit the greedy weights
for both sides on the same ten folds that are then
scored, and the side with the larger pool has more
freedom. Our simulation did not cover this case,
so we do not know how often such a comparison
accepts a family that does not help.

Reproducing the frozen readouts. These mem-
bers depend on models served by a university infer-
ence service. We do not know the public name of
one of the two models used for the verbalised read-
outs, which appear only in Submission 2, and we
do not know the numerical precision with which
the service runs its models. Others may not be
able to reproduce these members exactly.

Cost. The work as a whole, including experi-
ments that are not part of a submission, logged
about 234 GPU hours and stored about 78,000 re-
sponses from the inference service (Appendix H).
Both figures are lower bounds. In cross-validation,
the blend was about 0.01 better than one fine-tuned
encoder, which trained in 30 to 50 minutes per rep-
etition.

Data. The shared task covers two varieties of En-
glish and two sources of text. The dataset paper re-
ports that each variety was labelled by one annota-
tor. On 50 texts per variety that a second annotator
labelled again, Cohen’s kappa was 0.47 (en-AU)
and 0.63 (en-UK) for sarcasm, and 0.61 and 0.79
for sentiment. We did not study other varieties,
and our observations may not carry over to them.
BESSTIE is a public dataset. We cannot exclude
that the pretrained language models used here saw
some of its texts before our experiments, and we
did not test for this. Fifteen test texts also occur in
the training or validation data (Section 8).
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A Settings of the Trained Members

Setting Value

Encoders (all five members)
Epochs 4
Batch size 16
Maximum length (tokens) 256
Learning rate, encoder / heads 1x107°/1x107*
Layer-wise learning rate decay 0.9
Weight decay 0.01
Warm-up share, linear decay 0.1
Gradient clipping (norm) 1.0
Dropout before the heads 0.1
Pooling mean over tokens
Decoders with adapters (all three members)

Epochs 3
Batch size x accumulation steps 8§ x2
Maximum length (tokens) 256
Adapter rank / alpha / dropout 64 /128/0.05
Adapted projections q, k, v, o, gate, up,
down

Quantisation 4-bit NF4, double
quantisation

Pooling last token
Gradient clipping (norm) 1.0
Weight decay 0

Learning rate, adapters / heads 1x107%/5%x 1074
for Mistral-Small 5x107°/2x 1074
Warm-up share, cosine decay 0.05
for Mistral-Small 0.1

Table 5: Training settings of the trained members.

Table 5 gives the training settings. All trained
members use the AdamW optimiser, and the for-
ward and backward passes in training use 16-bit
floating-point arithmetic. The class weights are
the inverse class frequencies of the training fold,
scaled to a mean of one and limited to at most ten.
For each member and each repetition, one epoch
is chosen for all five fold models. On each held-
out fold and for every epoch, we take the lower of
the two sarcasm macro-F1 values at a threshold of
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0.5. The epoch with the highest mean of this value
over the five folds is chosen. The last epoch was
chosen in all cases except two, both for DeBERTa
members, where it was the third of four. Each fold
model has its own random seed, and no further av-
eraging over seeds is done inside a member.

Retrained fold models of the decoders. Of the
45 fold models of the three decoders, 8 were re-
trained with a different seed under the rule of
Section 3.3: 6 of Llama-3.3-70B-Instruct, 2 of
Mistral-Small-Instruct-2409 and none of Qwen3-
32B. Besides the test on the second epoch, the
rule also retrains a fold model whose mean train-
ing loss in the first epoch is above 1.5. The value
0.6 was chosen from 37 completed fold models, of
which 7 had diverged; it separated the two groups.
Two fold models that were still training when the
value was fixed were named in advance as a check,
and the rule later classified both correctly. The
37 fold models include those of an earlier version
of the Mistral-Small member, trained with the set-
tings of the other two decoders, in which four of
the five fold models of one repetition had diverged.
That version is not part of the system. For the
member that is part of the system, the learning
rates were lowered and the warm-up was length-
ened (Table 5).

Software. PyTorch 2.13.0 (Paszke et al., 2019),
Transformers 5.14.1 (Wolf et al., 2020), PEFT
0.20.0 (Mangrulkar et al.,, 2022) and bitsand-
bytes 0.50.2 were used for training and inference.
Scores are computed with the organisers’ script,
which uses scikit-learn (Pedregosa et al., 2011).

B Prompts of the Frozen Readouts

The prompts are reproduced word for word. For
the token-probability readouts, the user message
holds the variety and the source in square brack-
ets, followed by the text. Texts longer than 4,000
characters are cut, and each neighbour text is cut
to 600 characters. All requests with these prompts
use a temperature of zero.

Verbalised readout (system message).

You are an exact annotator for a
dialectal English sentiment and sarcasm
benchmark. The rows are en-AU
(Australian) and en-UK (British)
English.

Sarcasm is saying the opposite of what
is meant, or mocking and ironic
exaggeration used to criticise. A

sarcastic line usually reads as praise
or as a flat statement of fact while
the writer clearly intends the reverse,
so the literal sentiment and the
intended sentiment disagree.

The rows come from two registers and
they differ. A google row is a customer
review of a place or a business: mostly
literal, sarcasm is rare and when it
appears it is heavy mock praise
("great, another hour in the queue”). A
reddit row is a comment on a public
thread about politics, sport or news:
conversational, elliptical, often
replying to something you cannot see,
and sarcasm is common and dry. Judge
sentiment as the writer's attitude to
what they are talking about, not as the
tone of the words alone.

For every row give two numbers from 0
to 100.

sentiment = the probability in percent
that the row is POSITIVE overall (@
means certainly negative, 100 means
certainly positive, 50 means genuinely
undecided).

sarcasm = the probability in percent
that the row is SARCASTIC (@ means
certainly not sarcastic, 100 means
certainly sarcastic).

The two are independent: a sarcastic
row is usually negative in intent even
when its words look positive.

Use the whole @ to 100 range. Do not
round everything to @, 50 or 100.

Answer with a JSON array and nothing
else. One object per row, in the order
given, exactly:

[{"id": <the row id>, "sentiment":
<0-100>, "sarcasm": <0-100>}, ...]

No prose, no markdown fence, no
explanation, one object for every id
you were given.

Token-probability readout, direct prompt (sys-
tem message).

You annotate Australian (en-AU) and
British (en-UK) English texts for
sentiment and sarcasm.

Sarcasm is saying the opposite of what
is meant, or mocking and ironic
exaggeration used to criticise. A
sarcastic line usually reads as praise
or as a flat statement of fact while
the writer clearly intends the reverse,
so the literal sentiment and the
intended sentiment disagree.

The texts come from two registers. A
google text is a customer review of a
place or a business: mostly literal,
sarcasm is rare. A reddit text is a
comment on a public thread:
conversational, often replying to
something you cannot see, and sarcasm
is common and dry. Judge sentiment as



the writer's intended attitude to what
they are talking about.

Answer with exactly these two lines and
nothing else:

sarcastic: yes or no

sentiment: positive or negative

Token-probability readout, guideline prompt
(system message).

You annotate Australian (en-AU) and
British (en-UK) English Google reviews
and Reddit comments following these
annotation guidelines.

For Sentiment Classification:

- Positive Sentiment: Annotate a
comment as positive if it reflects
favorable emotions such as happiness,
satisfaction, agreement, or excitement.
- Negative Sentiment: Annotate a
comment as negative if it conveys
unfavorable emotions such as sadness,
disappointment, frustration, or
criticism.

For Sarcasm Classification:

- Sarcastic Comment: Annotate if the
comment uses irony or mockery to
express contempt or ridicule.

- Non-Sarcastic Comment: Annotate if
the comment is straightforward and does
not employ sarcasm or irony.

The texts come from two registers. A
google text is a customer review of a
place or a business: mostly literal,
sarcasm is rare. A reddit text is a
comment on a public thread:
conversational, often replying to
something you cannot see, and sarcasm
is common and dry. Judge sentiment as
the writer's intended attitude to what
they are talking about.

Answer with exactly these two lines and
nothing else:

sarcastic: yes or no

sentiment: positive or negative

Guideline with neighbours (text placed before
the neighbours in the user message).

Below are labelled examples annotated
by the same annotator under these
guidelines, the most similar texts
first. Use them to calibrate how this
annotator applies the guidelines.

Notes for the experiment of Section 7 (system
message).

You help a text classifier that reads
short English texts written in
Australia or the United Kingdom (Google
reviews and Reddit comments). Write a
note of at most 60 words in exactly two
lines.

Task Variety Source Sub.1 Sub.2 Sub.3
Sentiment en-AU  Google 0.625 0.583  0.680
Sentiment en-AU Reddit 0.449 0477 0451
Sentiment en-UK  Google 0.370 0.520 0.460
Sentiment en-UK Reddit 0.676 0.515 0.559
Sarcasm  en-AU  Google 0.462 0.337 0.346
Sarcasm en-AU Reddit 0440 0422 0410
Sarcasm  en-UK Google 0424 0.564 0.431
Sarcasm en-UK Reddit 0.424 0.564 0431

Table 6: Decision thresholds used for the test set. A
text receives the positive label when the blended proba-
bility is at least the threshold. For en-UK sarcasm, the
Google cell has too few sarcastic rows to be tuned and
uses the threshold of the variety. The adjustment of the
Reddit cell left its value unchanged.

Context: explain any named people,
parties, places, events, brands, slang
or in-jokes that a reader from another
country might not know, and what they
imply here. Write 'Context: none' if
there are none.

Tone: say whether the literal wording
and the writer's evident attitude point
the same way or opposite ways, naming
the cue if there is one (exaggeration,
mock praise, a claim that contradicts
well-known facts, a rhetorical
question, a mocking quote). Write
'Tone: literal' if they point the same
way.

Do not use the words sarcasm, sarcastic
or ironic, and do not add anything
else.

C Thresholds of the Three Submissions

Table 6 gives the thresholds. They were tuned
on the out-of-fold predictions of all 6,288 labelled
rows, averaged over the three repetitions. The ad-
justment of the two source thresholds (Section 3.6)
is run from two starting values. The first is the
threshold that maximises the macro-F1 on all rows
of the variety. The second is the threshold that
maximises the F1 of the positive class on those
rows. The result with the higher macro-F1 of the
variety is kept.

D All Comparisons

Table 7 lists the comparisons of members and of
model families that were made with the accep-
tance rule. It leaves out two sets of comparisons.
The first is an earlier run of the comparison of
the verbalised readouts with ten texts per request.
That run included members that were later ex-
cluded, and the table gives the repeated run with-
out them. The second set consists of the compar-
isons of ways to combine the members, which are



Change in

Per-fold change

Comparison score Mean 95% interval D Accepted

Single models, against DeBERTa-v3-large with class weights per variety
Pooled class weightsT —0.0045 —0.0009 [—0.0069, +0.0071] 0.6281 no
One four-class head —0.0038 —0.0002 [—0.0057, +0.0057] 0.5433 no
Focal loss —0.0033 +0.0021 [—0.0040, +0.0088] 0.2665 no
Pooled class weights, sarcasm loss twice —0.0001 +40.0049 [—0.0021, +0.0121] 0.0867 no
Pooled class weights, sarcasm loss twice* +0.0023 +40.0079 [+40.0023, +0.0140] 0.0009 no
Six epochs —0.0079 —0.0039 [—0.0099, +0.0020] 0.8948 no
A second seed —0.0051 —0.0002 [—0.0040, +0.0036] 0.5346 no
Greedy blend over three runs with different seeds +0.0010 +0.0037 [4+0.0005, 4+0.0074] 0.0111 no
RoBERTa-large —0.0252 —0.0189 [—0.0244, —0.0130] 1.0000 no
XLM-RoBERTa-large —0.0433 —0.0370 [—0.0468, —0.0269] 1.0000 no
Multilingual BERT —0.0907 —0.0850 [—0.0952, —0.0759] 1.0000 no
ELECTRA-large —0.0201 —0.0180 [—0.0267, —0.0100] 1.0000 no
Qwen3-32B with adapters —0.0057 —0.0035 [—0.0114, +0.0036] 0.8220 no
Mistral-Small with adapters —0.0021 +0.0033 [—0.0037,4+0.0104] 0.1854 no
Added en-IN rows of BESSTIE —0.0026 +0.0003 [—0.0091, +0.0084] 0.4527 no
Prior fine-tuning on SARC —0.0111 —-0.0099 [—0.0168, —0.0045] 1.0000 no
Added paraphrases of en-UK sarcastic rows —0.0089 —0.0028 [—0.0103, 4-0.0056] 0.7547 no
Prior training on comments labelled by our models +40.0014 +40.0023 [—0.0109, +0.0126] 0.3321 no
Rule: sarcastic implies negative —0.0003 —0.0003 [—0.0012, 4-0.0006] 0.7449 no

Blends with a family added, against the blend without it
ELECTRA-large 40.0013 —0.0007 [—0.0037,4+0.0027] 0.6627 no
Qwen3-32B with adapters 40.0021 +0.0021 [—0.0026, +0.0068] 0.1820 no
Three models trained with more data —0.0009 —0.0009 [—0.0023, +0.0007] 0.8717 no
Verbalised readouts, ten texts per request™ +0.0077 40.0078 [+0.0030, 40.0131] 0.0000 yes
Four further verbalised readouts +0.0040 +40.0034 [—0.0007,40.0076] 0.0521 no
Five further verbalised readouts +0.0030 +40.0020 [—0.0016, +0.0051] 0.1271 no
Verbalised readouts, one text per request™ +0.0040 +0.0029 [+40.0019, +0.0039] 0.0000 no
Two decoders with adapters™ +0.0056 +0.0035 [—0.0001, +0.0069] 0.0283
Three decoders with adapters™ +0.0069 +0.0069 [+0.0026, +-0.0111] 0.0010 yes
Readout, direct prompt™ +0.0009 +40.0009 [—0.0003, +0.0019] 0.0699 no
Readout, guideline prompt* +0.0014 +0.0013 [—0.0019, +0.0042] 0.2068 no
Readout, guideline with neighbours™ +0.0011 +0.0012 [—0.0019, +0.0041] 0.2067 no
Three token-probability readouts™ +0.0016 +0.0017 [—0.0019, +0.0045] 0.1546 no

Other comparisons
Submission 1 against its best member™ +0.0105 +0.0091 [+0.0053, +0.0132] 0.0000
Labelled neighbours in the encoder input —0.0241 —-0.0234 [—0.0289, —0.0174] 1.0000 no
Notes in the encoder input —0.0003 +0.0002 [—0.0036,+0.0041] 0.4456 no
Same training on H100 against A100 GPUs —0.0043 —0.0046 [—0.0091, 4+-0.0008] 0.9546

Table 7: Comparisons of members and of model families made with the acceptance rule. The columns are those of
Table 4; p is the share of bootstrap means that are zero or below. Rows marked with an asterisk use the predictions
recomputed from the saved checkpoints (Appendix G); the other rows use the predictions written during training.
The three rows with an empty last column are descriptive and were not decisions about a component. The row
marked with a dagger was tested with the two sides exchanged, that is, with class weights per variety as the
candidate, which was not accepted (p = 0.3719). It is shown with the signs reversed, and its p is one minus that

value.

described at the end of this appendix. Only one
of them has a row in the table: the rule that sets
the sentiment to negative whenever sarcasm is pre-
dicted, applied to one encoder.

Some rows concern members that are not part
of any submission and are not described above.
Multilingual BERT in its base size (Devlin et al.,
2019) and ELECTRA-large (Clark et al., 2020)
were fine-tuned like the other encoders, except that
multilingual BERT used an encoder learning rate
of 2 x 107°. The three models trained with more
data are the encoders with en-IN rows, with prior

fine-tuning on SARC and with prior training on
comments labelled by our models. The further ver-
balised readouts are verbalised readouts of other
models served by the inference service and, for
two members, readouts with the six most similar
labelled texts in the prompt. The rows on readouts
with a named prompt refer to the token-probability
readouts. The row on two decoders with adapters
adds Qwen3-32B and Mistral-Small to the starting
pool. It was computed for information before the
third decoder was complete.

The verbalised readouts with ten texts per re-



quest passed the rule, but they were not used,
because a test set cannot be scored in the same
batches as the cross-validation data (Appendix G).
The same readouts with one text per request did
not pass it. The two comparisons used different
reference blends, so their changes in score are not
directly comparable. The first used a single greedy
search for both blends (0.8703 against 0.8626).
The second used the search from several starting
members (0.8692 against 0.8652). In five rows
of the second group of Table 7, the pools of both
blends held the readouts with ten texts per request:
the rows on ELECTRA-large, on Qwen3-32B, on
the models trained with more data and on the fur-
ther verbalised readouts.

The blend without decoders that Section 6
quotes at 0.8652 gives one of its four units of sen-
timent weight to the TF-IDF classifier. The blend
at 0.8626 consists of two encoders.

Ways of combining the members. These com-
parisons were made on an earlier pool of eight
encoders and the TF-IDF classifier. A numerical
search over the weights added 0.0042 when it was
fitted on both decision repetitions. When it was
fitted on one decision repetition and scored on the
other, it added 0.0027 on the repetition used for
fitting and 0.0005 on the other. These values are
means over the two ways of assigning the repeti-
tions; in one of the two, the change on the repeti-
tion not used for fitting was negative. On the same
pool, a learned combination by logistic regres-
sion scored below the greedy procedure (0.8588
against 0.8626). For Submission 1 itself, a second
numerical search, which adjusts only the weights
of the selected members, added 0.0004. A rule
that sets the sentiment to negative whenever sar-
casm is predicted changed the score by —0.0003
for one encoder and by —0.0016 for Submission 1,
and both intervals included zero.

E Pilot Study of the Frozen Readouts

Before any token-probability readout was run on
all rows, three ways of reading out Qwen3.8-27B
without training were compared on 720 labelled
rows. The rows were drawn with fixed numbers
per cell and weighted back to the proportions of
the data. The rule for continuing with a method
was fixed before the pilot. For each variety, two
logistic regressions for sarcasm are fitted: one on
the probability of Submission 1 alone, and one that
also receives the output of the method. The rule

compares their cross-validated log loss. The 90
percent bootstrap interval of the reduction must lie
above zero in one variety, and the log loss must
not rise in the other. The rule could also be met
by a higher area under the ROC curve (AUC) for
sarcasm than that of the verbalised readout of the
same model, by at least 0.02 in both varieties. The
AUC is 1 for a perfect ranking of the rows and
0.5 for a random one. No method met this second
condition.

Token-probability readout. The direct read-
out of Section 3.4 met the rule. The
log loss fell by 0.0134 for en-UK (interval
[+0.0047, 4-0.0224]) and by 0.0064 for en-AU (in-
terval [—0.0045, +0.0167)).

Reasoning prompt. We also tried pragmatic
metacognitive prompting (Lee et al., 2025). The
prompt was adapted from the form that Singh et al.
(2025) used for BESSTIE, so that it runs on every
text and answers both tasks. The reasoning mode
of the model was switched on, and four answers
were sampled per text. The reasoning prompt
met the rule. The log loss fell by 0.0133 for
en-UK (interval [+0.0034, +0.0231]), and the en-
AU result was at the boundary (40.0001, interval
[—0.0081, 40.0081])). In a further comparison that
was not part of the rule, the output of the reason-
ing prompt was added to a logistic regression that
already received the direct readout. For en-UK the
further reduction could not be distinguished from
zero (+0.0010, interval [—0.0035, 4-0.0051]), and
for en-AU the log loss rose (by 0.0035, interval
of the reduction [—0.0057, —0.0014]). We did not
run the reasoning prompt on all rows.

Listener model. In the third method the frozen
model gives the probability of the text under each
of three intentions of the writer: sincere and pos-
itive, sincere and negative, or sarcastic. This fol-
lows the idea of a pragmatic listener (Goodman
and Frank, 2016); scoring the text given the label
is also the idea of noisy channel prompting (Min
et al., 2022). In the pilot, the score was the log
probability of the text under the sarcastic intention
minus that under the two sincere intentions com-
bined. This method did not meet the rule. The
AUC of this score for sarcasm was 0.57 for en-AU
and 0.68 for en-UK, and we dropped the method.

The guideline prompt. In the pilot, 117 of the
160 sarcastic en-AU rows were called not sarcas-
tic by both the direct readout and the reasoning



prompt. The annotation guideline of BESSTIE
describes a sarcastic comment as one that “uses
irony or mockery to express contempt or ridicule”,
which is broader than the definition in our first
prompts. This led to the guideline prompt. Be-
cause it was written after we had read rows of the
pilot, it was tested on a second sample of 712 rows,
none of which were in the pilot. On this sample it
raised the AUC of the readout for en-AU sarcasm
from 0.837 to 0.857, and adding neighbours raised
it to 0.886. On the same sample, the gain of the
direct readout over Submission 1 for en-UK was
smaller than in the pilot, and its interval included
zero (+0.0052, interval [—0.0028, +-0.0136]).

Amendments to the rule for Submission 3.
The rule for Submission 3 (Section 4.3) was
amended twice. The first amendment, on 17
September 2026, was written before the pilot had
produced any result. The new decoders were still
training the first fold model of each decision rep-
etition, and only held-out scores of single epochs
of these fold models were known. The amendment
added the candidate that consists of Submission 1
with readouts added. The second amendment, on
18 September, was written after the pilot results
for the direct and the guideline readout on the two
samples above were known. It kept the guideline
readout for a run on all rows, although this read-
out had not met the condition set for replacing the
direct readout. It also admitted every readout that
met a condition on its own cross-validated score,
whatever the result of its acceptance test.

F Further Analyses of the Two
Experiments

The first two analyses in this appendix were made
after the results of Section 7 were known and were
not planned in advance. The third comparison was
made after the first of these results and before the
second.

Labels of the neighbours. The labels of the four
neighbours alone predict sarcasm less well than
the control model does. Measured with the AUC,
the neighbour labels reach 0.77 against 0.89 for
en-AU, and 0.73 against 0.94 for en-UK (means
over the two decision repetitions). On the rows
whose four neighbours all carried the wrong label,
the model with neighbours predicted that wrong
label in 41.9 and 45.5 percent of the cases in the
two decision repetitions. The control, which does

not see the neighbours, did so in 39.1 and 39.5 per-
cent. One reading is that the fine-tuned model al-
ready holds the information that the neighbours of-
fer, and that their labels add noise. We did not test
this reading further.

Use of the notes. On the 187 rows whose note
describes the tone as not literal, the predicted prob-
ability of sarcasm was 0.11 to 0.12 higher with
notes than under the control, against 0.02 on the
other rows. The AUC for sarcasm changed by at
most 0.006 in either variety.

The same training on two types of GPU. The
second experiment had to run on H100 GPUs. Be-
fore any of its results was known, we recorded
that its control would be trained again on the same
type of GPU, with the same code and settings as
the control that had been trained on A100 GPUs.
The two controls differed by 0.0043 in cross-
validated score (per-fold mean —0.0046, interval
[—0.0091,4-0.0008]). The interval includes zero,
so we cannot say that the type of GPU matters.
The difference is, however, close to the required
gain of 0.005. This comparison is a by-product of
the matched control and was not planned as a test.

G Reproducibility Details

Precision of saved weights. During training, the
out-of-fold predictions were computed with 32-bit
weights, while the checkpoints were saved in 16-
bit precision. For one encoder run, predictions re-
computed from the checkpoints differed from the
stored ones by up to 0.17 for single rows. The la-
bel at a threshold of 0.5 changed for 0.05 percent
of the rows for sentiment and for 0.11 percent for
sarcasm, and the score at that threshold changed
by 0.0004. With tuned thresholds the change can
be larger. For the DeBERTa member with the dou-
bled sarcasm loss, the cross-validated score was
0.8588 on the predictions written during training
and 0.8614 on the recomputed ones, and Table 7
gives its comparison on both sets of predictions.
Over all trained members, the largest difference
for a single row was 0.32. Test predictions can
only be made from the saved checkpoints. We
therefore recomputed the out-of-fold predictions
of all trained members from the checkpoints and
used these for the thresholds, the blends and the
choice of submissions.

Dependence on the batch. For the decoders
with adapters, the probability of a row depends on



Jobs  Hours

Fine-tuning encoders 47 28.4
Fine-tuning decoders with adapters 39 169.1
Encoders trained with more data 21 9.7
Inference and checks 70 26.9
Other 16 0.8
Total 193 2349

Table 8: Logged hours by kind of job. Each job in
the first four rows used one GPU. Of the 16 other jobs,
12 prepared data on nodes without a GPU (0.75 hours).
We do not count the 0.8 hours of this row as GPU time.
Of the 193 jobs, 74 did not log their duration, 58 of
them inference jobs, so the total is a lower bound.

the batch in which it is scored: on the padding
that the other rows cause and on the number of
rows in the batch. Before a decoder was used, two
passes with different batch sizes had to agree to
within 0.002 in mean absolute difference for each
task. Gemma-4-31B exceeded this tolerance for
sarcasm (0.00238 and 0.00205 in the two decision
repetitions) and was not used.

A second check compared two ways of padding
the same 16 rows, with a tolerance of 0.001. When
the test set was scored, this check stopped the scor-
ing for two of the three repetitions of Qwen3-32B
(0.0014 and 0.0027 for sarcasm). The value from
one draw of 16 rows varied between runs by as
much as the tolerance. Before any submission was
made, we changed the check to the median over
nine draws, with the same tolerance, and all repeti-
tions then passed. This change was made after the
test set had been released. By then the median had
been measured for four of the nine combinations
of decoder and repetition, two of them of Qwen3-
32B, and all four were below the tolerance.

For the verbalised readouts, sending ten texts
per request instead of one text per request changed
the sarcasm label for 5.3 and 11.3 percent of 300
sampled rows for the two models. The frozen
readouts of the three submissions and the token-
probability readouts therefore use one request per
text. The further verbalised readouts of Table 7
were scored with five or ten texts per request.

H Compute

Table 8 gives the logged hours. The GPU jobs
ran on NVIDIA A100 GPUs with 40 or 80 GB
of memory and on NVIDIA H100 GPUs. The in-
ference service returned 77,925 distinct responses
that we stored. Of these, 50,156 belong to the five

frozen members that are part of a submission, in-
cluding the responses for the test set. Repeated
requests and the requests for embeddings are not
counted.
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