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Abstract

Detecting and interpreting polarized online con-
tent is increasingly crucial as online platforms
become central to public information exchange.
We present an efficient adaptation of large lan-
guage models for multi-label polarization clas-
sification in SemEval-2026 Task 9: Detect-
ing Multilingual, Multicultural and Multievent
Online Polarization. Our single-forward-pass
inference method outperforms baseline multi-
step decoding approaches for multi-label clas-
sification by reducing error propagation while
improving inference efficiency. Beyond per-
formance and efficiency analysis, we inves-
tigate the cross-lingual transferability of the
system, observing statistically significant gen-
eralization within language families, a result
that offers a practical path for low-resource lan-
guage adaptation. Our system ranked 1st in 8
languages for Subtask 1 and 6 languages for
Subtask 2, and placed in the top 5 for 16 out
of 22 languages across both subtasks. Overall,
we provide a simple, effective, and efficient
solution for multilingual polarization classifica-
tion.1

1 Introduction

Online polarization refers to the widening ideolog-
ical division between groups, which can lead to
social friction and conflict (Naseem et al., 2026b).
Fueled by inflammatory digital content, these divi-
sions can form echo chambers that reinforce exist-
ing beliefs (Garimella, 2018) and, if unaddressed,
may erode social cohesion and democratic institu-
tions (Martínez-España et al., 2024). To support
global research and mitigation efforts, SemEval-
2026 Task 9 (Naseem et al., 2026a) introduced the
POLAR benchmark (Naseem et al., 2026b), com-
prising over 110K instances across 22 languages.
In this work, we address two subtasks from the

1Our code is available at https://github.com/
howarudo/semeval-2026-task-9-utokyo-tsuruoka-lab

Figure 1: Overview of our system for Subtask 2. SFP
performs simultaneous multi-label prediction in a single
forward pass.

benchmark: (1) Polarization Detection (binary clas-
sification), and (2) Polarization Type Classification
(multi-label classification).

The main challenge in POLAR is robust gener-
alization across languages, cultural contexts, and
events. To address this, our system leverages large
language models (LLMs) for their strong multi-
lingual and contextual understanding capabilities.
However, many LLM-based multi-label systems
rely on multi-step decoding (e.g., sequential label
prediction), which compounds prediction errors
and increases latency. These drawbacks make such
systems costly in real-world, high-traffic environ-
ments. To circumvent these limitations, we present
a Single-Forward-Pass (SFP) inference method
that enables the simultaneous prediction of all la-

https://github.com/howarudo/semeval-2026-task-9-utokyo-tsuruoka-lab
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bels. Compared to multi-step decoding baselines,
SFP reduces inference time by approximately 4.5×
while improving predictive performance. Further-
more, we analyze cross-lingual transferability in
training-free scenarios, demonstrating that perfor-
mance gains can effectively transfer between lan-
guages within the same family or sub-branch.

Our system achieved top-tier performance across
the board, ranking 1st in 8 languages for Sub-
task 1 and 6 languages for Subtask 2. Ultimately,
we placed in the top 5 for 16 out of the 22 lan-
guages evaluated, highlighting the simplicity and
efficiency of our approach for adapting LLMs to
multilingual polarization classification.

2 Background

2.1 POLAR Dataset

POLAR (Naseem et al., 2026b) is a multilingual
benchmark for online polarization spanning 22 lan-
guages (shown in Table 6), multiple platforms, and
cultural events. SemEval-2026 Task 9 (Naseem
et al., 2026a) includes three subtasks, and we focus
on the following two subtasks:

Subtask 1: Polarization Detection Binary clas-
sification of whether an instance is polarized.

Subtask 2: Polarization Type Classification
Multi-label classification of polarization types (e.g.,
political, racial/ethnic, religious, gender/sexual,
and other).

2.2 Related Work

Online Polarization Classification Prior work
has largely relied on fine-tuned multilingual en-
coders, such as XLM-RoBERTa (Conneau et al.,
2020) and its variants (Zia et al., 2022; Antypas
and Camacho-Collados, 2023; Bruno et al., 2024).
Evaluation on the POLAR benchmark (Naseem
et al., 2026b) indicates that fine-tuned small lan-
guage models (SLMs) outperform zero-shot LLMs
for detection, whereas zero-shot LLMs are stronger
for type classification. This suggests that LLMs
are better equipped to capture nuanced polariza-
tion categories. However, despite the recognized
cross-lingual capabilities of LLMs (Tanwar et al.,
2023; Jaremko et al., 2025), performance on the
POLAR benchmark remains inconsistent across
languages within the same family (Naseem et al.,
2026b). Such variability motivates our investiga-
tion into the cross-lingual transferability of our sys-
tem within a training-free framework.

Adapting LLMs for Classification Tasks LLMs
have been successfully adapted to multi-label clas-
sification (Muhammad et al., 2025; Xue et al., 2025;
Wongso et al., 2025), but common approaches rely
on auto-regressive decoding. This sequential ap-
proach is prone to error propagation, where an in-
correct label prediction can negatively affect sub-
sequent predictions. To address error propagation
issues, Xue et al. (2025) utilized a pairwise de-
coding strategy that predicts each label indepen-
dently. Similarly, Wongso et al. (2025) proposed
a sentence-label pairing strategy where the model
is asked if a label applies to the input sentence.
While these methods allow independent label pre-
diction, they introduce a computational bottleneck
in which inference costs scale linearly with the
number of labels. Building on this challenge, we
draw inspiration from SALSA (Berdichevsky et al.,
2025), which proposes a single-forward-pass scor-
ing function for binary classification. We extend
this method to the multi-label setting by estimating
the probabilities of all target labels simultaneously
in one forward pass, thereby achieving the inde-
pendence of pairwise methods without the linear
scaling of inference costs.

3 System Overview

Given an input text x, our system outputs either a bi-
nary label y ∈ {0, 1} indicating whether x is polar-
ized (Subtask 1), or a multi-hot vector y ∈ {0, 1}L
indicating the presence of each polarization type
(Subtask 2), where L is the number of types. For
Subtask 1, we submit only the SALSA-trained
model (12B or 27B), while for Subtask 2, we sub-
mit only the SFP-trained model (12B or 27B).

3.1 Subtask 1: Polarization Detection
Standard fine-tuning We embed x into an in-
struction prompt that requires the model to gener-
ate 1 (polarized) or 0 (not polarized). We fine-tune
using causal language modeling and optimize the
cross-entropy at the label position:

LCE(x, y) = − log
exp(zy)∑
v∈V exp(zv)

, (1)

where zv is the logit of vocabulary token v at the
label position and V is the vocabulary. At inference
time, we predict the label token with the higher
logit.

SALSA Using SALSA (Berdichevsky et al.,
2025), we score the two label tokens 0 and 1 against



Polarization Type Token
None 0
Political 1
Racial/ Ethnic 2
Religious 3
Gender/ Sexual 4
Other 5

Table 1: Tokens assigned to each polarization type for
the SFP method.

each other at the label position. Let z0 and z1 de-
note the logits of 0 and 1 at the label position. We
compute:

LSALSA(x, y) = − log
exp(zy)

exp(z0) + exp(z1)
, (2)

essentially a binary cross-entropy loss by ignoring
non-label tokens. During inference, the probability
of polarization is P (y = 1 | x) = exp(z1)

exp(z0)+exp(z1)
,

and we compare it to a language-specific threshold
τlang tuned on the validation set.

3.2 Subtask 2: Polarization Type
Classification

JSON fine-tuning (JSON FT) As a multi-pass
auto-regressive baseline, we prompt the model to
generate a JSON object containing binary values
(0/1) for each of the L types. During training, we
compute the cross-entropy loss only on the value
tokens for each field and ignore other tokens:

LJSON(x, y) = − 1

L

L∑
i=1

log
exp(zyi)∑
v∈V exp(zv)

, (3)

where zyi is the logit of the correct value token for
type i at its corresponding position in the output.
At inference time, we perform greedy rule-based
decoding to extract the predicted values while en-
forcing the JSON structure and token constraints.

Single Forward Pass (SFP) We adapt the
SALSA single-forward-pass approach to multi-
label classification by treating each label as a sep-
arate binary classification problem that shares a
common None token for the negative class. We
assign a dedicated single-token string to each type
and a shared None token (Table 1). Given x, we
obtain logits {z0, z1, . . . , zL} at a fixed classifica-
tion position, where z0 corresponds to None and
zi corresponds to type i. The model is trained to

score each type token against the None token inde-
pendently, optimizing the following loss:

LSFP(x, y) = − 1

L

L∑
i=1

log
exp(zyi)

exp(z0) + exp(zi)
,

(4)
where yi = 0 if type i is absent and yi = i if type
i is present. At inference time, we predict type i

as present if P (yi = 1 | x) = exp(zi)
exp(z0)+exp(zi)

≥
τlang,i, where τlang,i is tuned on the validation set.

4 Experimental Setup

Dataset We develop and tune our methods using
the POLAR dataset (Naseem et al., 2026b). For pre-
liminary experiments, we further split train into
internal-train and internal-validation sub-
sets (80/20, stratified by label, fixed seed) for hy-
perparameter selection and threshold tuning. We
then use the official validation split for method
comparison and analysis. For the final submission,
we train on the full train split, tune thresholds
on the validation split, and report results on the
test split.

Models For method comparison and anal-
ysis, we use gemma-3-12b-it.2 For sub-
mission, we train both gemma-3-12b-it and
gemma-3-27b-it-bnb-4bit,3 and select the
best-performing model on the validation
split (hyperparameters tuned using the
internal-validation split) for each language
and subtask.

Training We fine-tune LLMs with LoRA (Hu
et al., 2022) and use unsloth4 for memory-
efficient training. Hyperparameter and training
details are in Appendix C.

Evaluation Metric We report macro F1 per
language, the official metric for both sub-
tasks (Naseem et al., 2026b,a).

5 Results

Table 2 shows the results for both subtasks.

5.1 Subtask 1: Polarization Detection
Development Results Fine-tuning improves per-
formance over the base model, with the largest

2https://huggingface.co/unsloth/
gemma-3-12b-it

3https://huggingface.co/unsloth/
gemma-3-27b-it-bnb-4bit

4https://unsloth.ai/
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https://huggingface.co/unsloth/gemma-3-12b-it
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# Lang.
Subtask 1 Subtask 2

validation test validation test

Base 12B Std. FT 12B SALSA 12B SALSA 27B
UTokyo

Tsuruoka Lab Base 12B JSON FT 12B SFP 12B SFP 27B
UTokyo

Tsuruoka Lab

1

eng 77.48 78.36 78.20 82.55 82.52 40.33 43.77 49.57 45.05 53.22
deu 77.86 77.97 76.05 80.39 75.31 49.26 52.52 57.39 56.99 62.00

urd 74.03 77.14 79.67 79.09 81.96 35.73 79.88 79.46 78.63 77.56
ben 82.88 84.00 84.69 88.24 86.25 23.56 27.50 30.71 43.41 33.59
hin 70.06 89.90 86.16 86.16 81.72 44.48 77.74 84.96 80.76 78.25
ori 59.46 84.08 82.28 82.85 82.55 36.27 49.67 65.07 68.23 60.27
nep 79.47 89.98 87.98 87.98 91.03 64.38 74.49 76.30 76.16 79.74
pan 71.43 86.94 85.95 83.68 82.57 29.17 45.38 47.79 49.83 46.77

spa 67.80 72.66 72.63 70.78 80.30 49.07 62.38 64.16 62.00 67.35
ita 45.80 61.98 61.98 60.76 61.33 25.40 39.97 40.00 39.48 55.05

rus 61.61 82.26 80.84 81.78 83.03 44.27 56.85 58.40 56.22 61.66
pol 67.55 81.03 81.03 85.11 82.59 53.13 60.91 69.33 67.42 64.97

fas 52.38 83.80 83.99 82.49 80.58 38.97 54.60 61.60 53.53 54.64

2
hau 49.04 77.29 81.33 80.98 78.29 19.31 27.14 29.34 34.33 40.22

arb 77.58 80.91 82.64 86.88 84.88 45.39 58.18 60.82 59.84 66.78
amh 72.37 69.74 77.17 76.11 79.54 37.79 44.09 47.96 47.06 62.95

3 zho 82.09 91.58 92.52 92.99 92.89 69.36 80.96 82.36 82.13 83.50

mya 71.13 87.14 85.03 87.38 88.36 28.81 54.25 56.17 62.36 70.79

4 khm 12.67 62.76 69.77 60.71 72.75 49.88 77.25 69.59 70.18 70.48

5 swa 71.84 83.06 81.92 82.44 79.25 30.52 45.16 48.49 49.74 53.97

6 tel 41.61 88.05 91.52 85.59 88.83 27.65 21.18 42.47 42.21 39.31

7 tur 79.09 85.20 86.04 84.32 83.03 52.67 64.14 63.44 62.37 65.24

Avg 65.69 80.72 81.34 81.33 81.80 40.70 54.46 58.43 58.56 61.29

Table 2: Macro F1 scores for each method on the validation set, and the official test set results for the best performing
model size trained with either SALSA or SFP. The best performing method is bolded and the model used for
submission is highlighted in blue . Languages are grouped following Appendix A.

gains observed in lower-resource languages such
as khm and tel. SALSA marginally improves stan-
dard fine-tuning in the overall average macro F1
score. We observe only marginal differences be-
tween the 12B and 27B variants under SALSA.

Test Results For submission, we select the best-
performing model per language based on validation
performance among SALSA-trained 12B and 27B
models. Our system ranked 1st in 8 languages (arb,
ben, eng, ori, pan, rus, spa, urd) and in the top
5 in 8 more (amh, deu, hin, mya, nep, pol, tur,
zho).

5.2 Subtask 2: Polarization Type
Classification

Development Results As in Subtask 1, fine-
tuning improves over the base model. Our SFP
method outperforms the JSON auto-regressive
baseline in average macro F1 and in 19 out of 22
languages, indicating that simultaneous label scor-
ing is more effective than sequential generation for
this task.

Test Results For submission, we again select the
best-performing model size per language based

on validation results using the SFP method. Our
system ranks 1st in 6 languages (deu, eng, ita,
khm, ori, pol) and in the top 5 in 10 more (arb,
ben, hau, mya, nep, rus, spa, swa, tur, zho).

6 Analysis

6.1 Threshold Tuning

We tuned classification thresholds τ within
{0.1, 0.15, . . . , 0.9} to optimize performance. For
Subtask 1, we calibrated a language-specific thresh-
old τl. For Subtask 2, we utilized language- and
label-specific thresholds τl,c. Where positive exam-
ples were missing for a class c in language l, we
used the mean threshold from languages L′ that
contained positive samples, τl,c = 1

|L′|
∑

l′∈L′ τl′,c.
Threshold tuning improved the average macro

F1 score from 80.81% to 81.34% for Subtask 1
(SALSA 12B) and from 56.34% to 58.43% for Sub-
task 2 (SFP 12B). As shown in Figure 2, Subtask 2
saw more consistent gains (18/22 languages) com-
pared to Subtask 1 (10/22 languages). One possible
explanation for these differing gains is the higher
class imbalance in positive samples in Subtask 2
(see Table 7). When class imbalance is more pro-



Figure 2: Improvements in macro F1 scores for each lan-
guage with and without threshold tuning for Subtask 1
and Subtask 2.

nounced, threshold tuning sets a more appropriate
decision boundary to maximize the macro F1 score.
However, we note that in some languages, thresh-
old tuning did not improve performance, suggest-
ing that its effectiveness may depend on specific
dataset characteristics.

6.2 Single Forward Pass Inference Speedup

We measure the inference speed of our SFP method
relative to the JSON FT baseline on 3,687 instances
from the validation split of Subtask 2. With a
batch size of 8, JSON FT requires 2.36± 0.07 sec-
onds per batch, while SFP requires only 0.53 ±
0.08 seconds per batch. Table 3 shows that SFP
improves inference throughput by approximately
4.5× over JSON decoding. Such a gain is critical
for modern polarization detection, where systems
must process high volumes of content under strict
latency budgets. SFP reduces serving costs and im-
proves deployability in high-traffic settings without
compromising performance.

Method
No. of

Forward Passes
Throughput
(instances/s)

JSON FT 5 3.39
SFP 1 15.24

Table 3: Average inference throughput and number of
forward passes for the JSON fine-tuning method and
the SFP method, measured on the same hardware and
configuration.

6.3 Error Analysis for Multi-label
Classification

To better understand the differences between JSON
FT and SFP, we conducted an error analysis com-
paring the outputs without threshold tuning (i.e., us-
ing a fixed threshold of 0.5) for SFP. Across 14,737
instances in our internal-validation set, the
two approaches disagreed on at least one label for
2,174 instances.

We specifically examined whether sequential de-
coding is more susceptible to error propagation.
JSON FT predicts labels in a fixed order (political
→ racial/ethnic → religious → gender/sexual →
other). As shown in Table 4, JSON FT exhibits a
higher error rate when at least one preceding label
is predicted incorrectly. In contrast, when all pre-
ceding labels are correct, the two methods achieve
comparable error rates (Table 5).

Method P(Wrong | At least 1 previous mistake)
racial/
ethnic religious

gender/
sexual other

JSON FT 0.22 0.17 0.13 0.27
SFP 0.17 (↓0.05) 0.13 (↓0.04) 0.10 (↓0.03) 0.22 (↓0.05)

Table 4: Conditional error rates for each polarization
type given that there was at least one previous mistake
in the predicted labels. The political label is excluded
as it is predicted first for JSON FT.

Method P(Wrong | All previous correct)
racial/
ethnic religious

gender/
sexual other

JSON FT 0.08 0.03 0.03 0.07
SFP 0.08 (0.00) 0.03 (0.00) 0.03 (0.00) 0.08 (↑0.01)

Table 5: Conditional error rates for each polarization
type given that previous labels were all predicted cor-
rectly.

These results suggest that multi-step decoding
for multi-label prediction is inherently vulnerable
to cascading errors, whereas SFP could mitigate
this by predicting all labels simultaneously.



6.4 Cross-lingual Transferability within
Family Branches / Sub-branches

Naseem et al. (2026b) report that zero-shot LLM
performance is not strongly correlated among
languages within the same family branch or
sub-branch. Here, we explore whether fine-
tuning on a single language yields transferable
gains for Subtask 2 in other languages within
the same family branch/sub-branch. For each
source language ℓs, we fine-tune the model on its
internal-train split. For every target language
ℓt, we tune thresholds on the target language’s
internal-validation split and evaluate on the
official validation split. We report improvements
relative to the base model with threshold tuning but
without fine-tuning. Figure 7 in Appendix E fully
visualizes the resulting improvement matrix.

To quantify the role of linguistic relatedness, we
collect all off-diagonal language pairs (ℓs, ℓt) and
compare improvement distributions for pairs in the
same family branch/sub-branch versus different
branches/sub-branches (Figure 3). Language pairs
within the same family branch show larger average
improvements than pairs from different branches
(2.97 vs. 0.79 macro-F1 points). Similarly, pairs
within the same family sub-branch show larger im-
provements than pairs from different sub-branches
(4.05 vs. 1.35 macro-F1 points). These differences
are statistically significant under both the one-sided
Mann–Whitney U test (p < 0.05), and the one-
sided Welch’s t-test (p < 0.05), indicating that
single-language fine-tuning transfers more effec-
tively to related languages.

This finding could be helpful for adapting our
system to new languages with limited training data,
but that belong to a family branch/sub-branch with
an existing fine-tuned model.

7 Conclusion

We introduced an efficient LLM-based system for
SemEval-2026 Task 9, centered on SFP inference
for multi-label polarization type classification. By
avoiding sequential auto-regressive decoding, SFP
mitigates error propagation, substantially reduces
inference cost, and improves macro F1 across lan-
guages. In addition to performance and efficiency
analysis, our cross-lingual analysis suggests that
fine-tuning on a single language can transfer to re-
lated languages within the same family branch/sub-
branch, providing a practical path toward efficient
adaptation to low-resource languages.

Figure 3: Distribution of macro F1 improvements for
off-diagonal language pairs, grouped by whether the
pair belongs to the same family branch/sub-branch
(top/bottom) or different branches/sub-branches.

Limitations

Our SFP method is evaluated primarily on Sub-
task 2 of SemEval-2026 Task 9, and its effective-
ness may not directly generalize to multi-label
tasks with strong label dependencies where sequen-
tial prediction can be beneficial. In addition, our
cross-lingual transfer experiments rely on target-
language threshold tuning on validation (or internal
validation) data, closer to a few-shot setting than
a fully zero-shot scenario. We hope these results
motivate future work on improving zero-shot cross-
lingual transfer, and more broadly on efficient po-
larization classification with LLMs.

Ethical Considerations

Polarization classification may support research
and moderation, but can also be misused for sup-
pression of legitimate expression or to unfairly tar-
get specific groups. We encourage careful eval-
uation and responsible deployment, especially in
high-stakes contexts.
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A Language Family and Sub-branches

We follow the language family and sub-branches
defined in Naseem et al. (2026b).

# Lang. ISO-639 Lang. Family Sub-branch

1

English eng Indo-European Germanic
German deu Indo-European Germanic

Urdu urd Indo-European Indo-Aryan
Bengali ben Indo-European Indo-Aryan
Hindi hin Indo-European Indo-Aryan
Odia ori Indo-European Indo-Aryan
Nepali nep Indo-European Indo-Aryan
Punjabi pan Indo-European Indo-Aryan

Spanish spa Indo-European Romance
Italian ita Indo-European Romance

Russian rus Indo-European Slavic
Polish pol Indo-European Slavic

Persian fas Indo-European Iranian

2
Hausa hau Afro-Asiatic Chadic

Arabic arb Afro-Asiatic Semitic
Amharic amh Afro-Asiatic Semitic

3 Chinese zho Sino-Tibetan Sinitic

Burmese mya Sino-Tibetan Tibeto-Burman

4 Khmer khm Austroasiatic Mon-Khmer

5 Swahili swa Niger-Congo Bantu

6 Telugu tel Dravidian Dravidian

7 Turkish tur Turkic Turkic

Table 6: Language family and sub-branch for each lan-
guage, table adapted from Naseem et al. (2026b).

B Dataset Label Distribution

Table 7 shows the proportion of positive samples
for each label in Subtask 1 and Subtask 2 for each
language.

C Hyperparameters and Training Details

LoRA Parameters We fixed the LoRA hyperpa-
rameters as in Table 8.

Hyperparameter Value
Rank (r) 32
Alpha (α) 16
Dropout 0.0

Table 8: LoRA hyperparameters tested for LLM fine-
tuning.

Training Hyperparameters We fixed the hyper-
parameters in Table 9.

Lang. Size Sub. 1 Subtask 2
Pol. Polit. Race Relig. Gen/Sex Other

eng 4834 0.37 0.36 0.09 0.03 0.02 0.04
deu 4771 0.48 0.41 0.19 0.11 0.06 0.14
urd 5346 0.69 0.67 0.54 0.55 0.51 0.51
ben 5000 0.43 0.34 0.01 0.02 0.01 0.10
hin 4117 0.85 0.74 0.12 0.59 0.11 0.13
ori 3552 0.29 0.21 0.05 0.06 0.03 0.04
nep 3008 0.50 0.17 0.14 0.08 0.05 0.12
pan 2609 0.49 0.31 0.06 0.08 0.11 0.09
spa 4958 0.50 0.27 0.19 0.16 0.13 0.13
ita 5038 0.43 0.08 0.18 0.07 0.09 0.04
rus 5023 0.30 0.14 0.10 0.04 0.06 0.02
pol 3587 0.42 0.37 0.09 0.04 0.05 0.06
fas 4943 0.74 0.44 0.02 0.10 0.06 0.24
hau 5477 0.11 0.05 0.03 0.03 0.01 0.00
arb 5070 0.45 0.24 0.17 0.08 0.11 0.17
amh 4999 0.75 0.67 0.26 0.02 0.01 0.25
zho 6421 0.50 0.06 0.23 0.02 0.17 0.09
mya 4334 0.58 0.25 0.05 0.03 0.11 0.45
khm 9960 0.91 0.18 0.01 0.03 0.02 0.66
swa 10487 0.50 0.03 0.35 0.04 0.02 0.08
tel 3550 0.53 0.22 0.17 0.09 0.13 0.24
tur 3572 0.50 0.44 0.16 0.16 0.06 0.05

Table 7: Proportion of positive samples for each label
per language. Labels are abbreviated as follows: Pol.
= Polarized, Polit. = Political, Race = Racial/Ethnic,
Relig. = Religious, Gen/Sex = Gender/Sexual.

Hyperparameter Value
Epochs 1
Batch Size 16
Warmup Ratio 0.03
Max Length 1024

Table 9: Fixed hyperparameters used for fine-tuning.

Then, for each method and model size, we test a
range of learning rates, {5× 10−5, 1× 10−4, 3×
10−4}, and select the learning rate that achieved
the best average macro F1 score across languages
on the validation set (Table 10).

Method Best Learning Rate
Std. FT (12B) 1× 10−4

SALSA (12B) 1× 10−4

SALSA (27B) 5× 10−5

JSON FT (12B) 1× 10−4

SFP (12B) 1× 10−4

SFP (27B) 5× 10−5

Table 10: Best learning rates selected for each method
and model size.

Experiment Environment All experiments were
performed on a single NVIDIA A100-PCIE-40GB
GPU. Experiments with the 12B model were



performed with fp16 precision, and experi-
ments with the 27B model were done with
bnb-4bit quantization. All training, quantiza-
tion, and inference were performed with the
unsloth==2025.11.35 library. Training and
dataset split for internal-validation were per-
formed with a fixed seed of 0 for reproducibility.
More details are in the codebase6.

D Prompt Templates

D.1 Subtask 1
The prompt template used for the base model, stan-
dard fine-tuning, and SALSA is shown in Figure
4.

Does the following text contain polarization?
A text is polarized if it incites division, hatred, or
stereotyping towards other groups.

Answer in format:
<ANSWER>#Number</ANSWER>
where the number is one of the following:
0 - No
1 - Yes

The text:
<TEXT>
{{text}}
</TEXT>

Figure 4: The prompt template used for Subtask 1.

D.2 Subtask 2
JSON Fine-tuning The prompt template used for
the JSON fine-tuning method is shown in Figure 5.

Single Forward Pass The prompt template used
for the SFP pass method is shown in Figure 6.

E Cross-lingual Transferability Heatmap
for Subtask 2

The complete heatmap showing the macro F1
changes for each language when the model is
trained on only one language is shown in Figure 7.

F SLM and LLM Comparison on
Subtask 1

During the training phase, when some training data
was not yet available, we compared the perfor-

5https://pypi.org/project/unsloth/2025.11.3/
6https://github.com/howarudo/

semeval-2026-task-9-utokyo-tsuruoka-lab

What type of polarization does the text have?
Political: Extreme focus on division between political
groups.
Racial/ethnic: Focuses on ethnic identity of racial
origin.
Religious: Intolerance between religious groups.
Gender/sexual: Exclusion and marginalization based
on gender.
Other: Hate speech targeting other groups such as
socio-economic status, occupation, location, social
media platform, etc.

Answer in the JSON format:
{"political": #Number, "racial/ethnic": #Number,
"religious": #Number, "gender/sexual": #Number,
"other": #Number}
Where #Number is 1 if the text contains that type of
polarization, and 0 otherwise.

The text:
{{text}}

Figure 5: The prompt template used for the JSON fine-
tuning method in Subtask 2.

mance of an SLM, mmBERT-base (Marone et al.,
2025) to the LLM we used, gemma-3-12b-it,
trained with the SFP method. For the SLM training,
given an input text x, we extract the pooled repre-
sentation of the [CLS] token hCLS ∈ Rd from the
last hidden layer of the SLM.

xpooled = tanh(WphCLS + bp), (5)

where Wp ∈ Rd×d and bp ∈ Rd. This pooled
output is passed through a final linear classification
head with Wc ∈ R2×d and bc ∈ R2 to compute
the class logits:

z = Wcxpooled + bc. (6)

The SLM model was trained using cross-entropy
loss, and the predicted label ŷ is obtained by taking
the argmax of z. We trained the SLM for {2, 4}
epochs, with a learning rate of {1 × 10−5, 3 ×
10−5}, and a batch size of 32. As shown in Table
11, we found that the SLM performed similarly or
worse than the LLM on all languages, and decided
to focus on the LLM for submission.

G Qualitative Output Comparison:
JSON FT vs. SFP

To complement the error analysis in Section 6.3, we
present example predictions from the JSON fine-
tuning method and the SFP method for Subtask 2 in
Table 12. Examples #1–#2 show cases where SFP
performed better than JSON FT. Example #3 shows
a case where JSON FT performed better than SFP.

https://pypi.org/project/unsloth/2025.11.3/
https://github.com/howarudo/semeval-2026-task-9-utokyo-tsuruoka-lab
https://github.com/howarudo/semeval-2026-task-9-utokyo-tsuruoka-lab


What type of polarization does the text have?
Political: Extreme focus on division between political
groups.
Racial/ethnic: Focuses on ethnic identity of racial
origin.
Religious: Intolerance between religious groups.
Gender/sexual: Exclusion and marginalization based
on gender.
Other: Hate speech targeting other groups such as
socio-economic status, occupation, location, social
media platform, etc.

Answer in format:
<ANSWER>#Number</ANSWER>
where the number is one of the following:
0 - Not polarized
1 - Political
2 - Racial/ethnic
3 - Religious
4 - Gender/sexual
5 - Other (socioeconomic status, technology, social
media preferences, etc.)

The text:
<TEXT>
{{text}}
</TEXT>

Figure 6: The prompt template used for the SFP method
in Subtask 2.

Lang. mmBERT gemma-3-12b-it (SFP)
eng 79.33 80.61
deu 71.69 77.35
urd 72.30 72.59
hin 74.74 84.32
nep 86.99 86.99
spa 67.24 73.05
ita 62.66 63.43
fas 82.51 84.63
hau 73.56 77.44
arb 77.91 82.11
amh 67.61 77.61
zho 86.44 93.92
tur 77.38 84.34
Avg 75.41 79.88

Table 11: Comparison of macro F1 scores (in %) on
the validation set for Subtask 1 between the SLM (mm-
BERT) and the LLM (gemma-3-12b-it).



Figure 7: Heatmap showing the macro F1 improvements over the base model for each language when the model is
trained on only one language. Bolded frames: same family, purple dashed frames: same sub-branch.

# Text ID Gold JSON FT SFP
1 pan_521032e35bec0f

1f389152175610565d [1,1,1,0,0]
[0,0,0,0,0] [0,1,1,0,0]

[0.25,0.29,0.32,0.03,0.05] [0.29,0.75,0.50,0.05,0.08]
2 rus_259608de63e3b8

21f043a094ac79d6d2 [0,0,0,0,0]
[1,1,0,0,0] [1,0,0,0,0]

[0.71,0.56,0.00,0.00,0.02] [0.75,0.41,0.00,0.00,0.03]
3 amh_e1e50a90f7b033

1004a54f93393da560 [1,0,0,0,1]
[1,0,0,0,1] [1,0,0,0,0]

[0.93,0.09,0.00,0.01,0.62] [0.96,0.09,0.00,0.00,0.35]

Table 12: Example predictions (top row) and P (yi=1 | x) (bottom row) for JSON fine-tuning vs. SFP. The labels
represent the 5 polarization types in order: political, racial/ethnic, religious, gender/sexual, and other.
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