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Abstract

We present our system for SemEval-2026 Task
9: Multilingual Polarization Detection, a binary
classification task spanning 22 languages. Our
approach fine-tunes separate Gemma 3 mod-
els (12B and 27B parameters) per language us-
ing Low-Rank Adaptation (LoRA), augmented
with synthetic data generated by a large lan-
guage model (LLM). We employ three syn-
thetic data strategies (direct generation, para-
phrasing, and contrastive pair creation) using
GPT-40-mini, with a multi-stage quality filter-
ing pipeline including embedding-based dedu-
plication. We find that per-language threshold
tuning on the development set yields 2 to 4%
F1 improvements without retraining. We also
use weighted ensembles of 12B and 27B model
predictions with per-language strategy selec-
tion. Our final system achieves a mean macro-
F1 of 0.811 across all 22 languages, ranking
2nd overall of the participating teams, with 1st
place finishes in 3 languages and top-3 in 8
languages. We also find that alternative archi-
tectures (XLM-RoBERTa, Qwen3) that showed
strong development set performance suffered
30 to 50% F1 drops on the test set, highlighting
the importance of generalization.

1 Introduction

Team PSK participated in SemEval-2026 Task 9
(Naseem et al., 2026a) on detecting attitude polar-
ization in social media text across 22 typologically
diverse languages. The task requires binary clas-
sification of social media text as polarized or non-
polarized, where polarization encompasses stereo-
typing, vilification, dehumanization, and intoler-
ance.

The task presents several challenges: the dataset
sizes vary across languages, polarization manifests
differently across cultures, and some languages ex-
hibit class imbalance. In our work, we explore
per-language fine-tuned Gemma models with syn-
thetic data augmentation, ensemble methods, and

post-hoc threshold tuning. We find that robust gen-
eralization, rather than maximizing development
set performance, is the critical factor for success.

The remainder of this paper is structured as fol-
lows: Section 2 gives a brief overview of related
work, Section 3 describes the data, Section 4 de-
scribes our methodology, Section 5 discusses our
results, and we conclude in Section 6.

2 Related Work

Recent work has explored LLM-generated data
for text classification augmentation. Cegin et al.
(2025) found that LLLM augmentation primarily
benefits low-data scenarios. Yong et al. (2024)
demonstrated 5.6 to 8.9 point improvements for
extremely low-resource languages using lexicon-
conditioned generation. Our augmentation pipeline
draws on backtranslation (Sennrich et al., 2016).
Edunov et al. (2018) demonstrated that noisy back-
translations provide stronger training signals than
clean outputs. Our contrastive pair generation is
inspired by counterfactual data augmentation for
hate speech detection (Mostafazadeh Davani et al.,
2021), where minimal-edit counterfactuals improve
classifier robustness.

We use LoRA (Hu et al., 2022) for parameter-
efficient fine-tuning, and our per-language thresh-
old tuning follows work by Lipton et al. (2014) on
F1 maximization and Pillai et al. (2013) on per-
class threshold optimization for macro-averaged
metrics.

3 Data

3.1 Task Data

SemEval-2026 Task 9 Subtask 1 uses the POLAR
dataset (Naseem et al., 2026b), a binary classifi-
cation task: given a social media text in one of
22 languages, the task is to classify it as polarized
(1) or non-polarized (0). The primary evaluation
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metric is macro-averaged Fl-score. The 22 lan-
guages are: Ambharic (amh), Arabic (arb), Ben-
gali (ben), Burmese (mya), Chinese (zho), English
(eng), German (deu), Hausa (hau), Hindi (hin), Ital-
ian (ita), Khmer (khm), Nepali (nep), Odia (ori),
Persian (fas), Polish (pol), Punjabi (pan), Russian
(rus), Spanish (spa), Swahili (swa), Telugu (tel),
Turkish (tur), and Urdu (urd). Training set sizes
range from approximately 1,700 (Punjabi) to 7,000
(Swahili) samples. Several languages exhibit class
imbalance, most notably Khmer (10:1 polarized),
Hausa (8:1 non-polarized), Hindi (6:1 polarized),
and Ambharic (3:1 polarized).

We split the original data into 80% train and
20% validation before adding any synthetic data,
ensuring the validation set contains only real data.

3.2 Data Augmentation

To provide more data to our models, we generated
synthetic training data using GPT-4o0-mini with
three complementary strategies:

Direct Generation (50%). We generated new
samples natively in the target language, covering
five culturally relevant topic categories: political,
ethnic/racial, religious, social class, and interna-
tional relations.

Label-Preserving Paraphrasing (30%). We cre-
ated paraphrases of real training samples with tem-
perature 0.7, filtered to ensure cosine similarity
below 0.90 with the original.

Contrastive Pairs (20%). We generated mini-
mal pairs on the same topic, one polarized and one
non-polarized, to sharpen class boundaries.

In preliminary experiments for lower-resource
languages, we also explored backtranslation
through pivot languages and cross-lingual trans-
fer from related languages (e.g., Hindi to Nepali,
Bengali to Odia).

Quality Filtering. We applied a multi-
stage pipeline to ensure data quality: (1)
basic cleaning and length filtering, (2) la-
bel leakage detection via regex patterns,
(3) embedding-based deduplication using
paraphrase-multilingual-MinilLM-L12-v2
(Reimers and Gurevych, 2019) with a 0.90 cosine
similarity threshold (both intra-synthetic and
against original training data), and (4) round-trip
translation consistency checks (threshold 0.70) for
translated samples.

Synthetic samples were added only to the train-
ing portion at a configurable ratio. We generated ap-
proximately 1,000 synthetic samples per language.

4 Methodology

Figure 1 provides an overview of our end-to-end
system pipeline.

4.1 Model Architecture

We chose Google’s Gemma 3 family (Team et al.,
2024) as our primary model because of its broad
multilingual pretraining mix, which provides mean-
ingful coverage across all 22 POLAR languages
rather than concentrating on a narrow set of high
resource ones. Our model comparison in Section 5
confirms this choice: Gemma transferred from de-
velopment to test substantially better than XLM-
RoBERTa or Qwen3, both of which have more
skewed pretraining distributions. We fine-tuned
the Gemma 3 family using LoRA with a sequence
classification head. We used two model sizes:

* Gemma 3 12B: Our primary model. We used
8-bit quantization on a single A100 GPU, with
LoRA rank 16, a learning rate of 5 x 1072,
and trained for 3 epochs.

* Gemma 3 27B: Our ensemble model. We
used 4-bit NF4 quantization (Dettmers et al.,
2023) with gradient checkpointing across 2
A100 GPUs via device_map="auto".

Both models use 2 output labels, eager attention,
and bfloat16 precision. We set the pad token to
the end-of-sequence (EOS) token. All models were
trained with batch size 1 to 2, gradient accumula-
tion of 2 to 4 steps (effective batch size 4), warmup
ratio 0.1, max sequence length 128 to 256 tokens,
and random seed 42. We used the AdamW opti-
mizer with cosine learning rate decay.

4.2 Ensemble and Threshold Tuning

Threshold Tuning. For each lan-
guage, we  searched over thresholds
t € {03,0.35,04,...,0.7} to maximize
development set macro-F1, rather than using the
default £ = 0.5.

Ensemble Strategies. For each language, we
evaluated four strategies on the development set:

1. 12B predictions with tuned threshold

2. 27B predictions with tuned threshold
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Figure 1: Overview of our multilingual polarization detection pipeline, from real-data splitting and synthetic
augmentation to Gemma model training, threshold tuning, and per-language strategy selection.

3. Average ensemble: p = %

4. Weighted ensemble: p = w - pjog + (1—w) -
P78, With w € {0.3, 0.4,0.6, 0.7}

We selected the strategy achieving the highest de-
velopment F1 per language.

4.3 Infrastructure

Experiments were run on a computing cluster with
NVIDIA A100 40GB GPUs. The 12B model re-
quires 1 GPU while the 27B model requires 2
GPUs.

5 Results

We first provide an overview of our official results,
then discuss the results of our internal experiments
on the development data.

5.1 Official Results

We were allowed to submit 5 systems. Table 1
summarizes our test submissions.

Our best official submission achieved a mean
macro-F1 of 0.811 across all 22 languages. A
post-hoc combined run that selected the best per-
language result between Submission 1 (12B only)
and Submission 4 (ensemble with threshold tun-
ing) reached 0.812. Submission 2, which used
XLM-RoBERTa and Qwen3 for selected languages,

Sub  Strategy Mean F1
1 Best Gemma-12B per lang 0.797
2 Hybrid (XLM-R, Qwen3) 0.665
4 Ensemble + threshold 0.811
5 Best of Sub 1 + Sub 4 0.812

Table 1: Test submission results. Submission 2 used
alternative architectures that failed to generalize. The
final submission selects the best per-language results
across submissions.

Synth. Ratio  Dev F1
0% (baseline) 0.812
10% 0.818
20% 0.820
30% 0.822
50% 0.819

Table 2: Mean development F1 for Gemma 3 12B by
synthetic data ratio. A ratio of 30% is optimal.

performed significantly worse with a mean F1 of
0.665.

5.2 Synthetic Data Ablation

Table 2 shows the impact of synthetic data ratio on
mean development F1 across all languages.

We find that lower-resource languages bene-
fit most from synthetic augmentation (+2.2%),
while higher-resource languages see smaller gains
(+1.9%). Some languages are still sensitive to syn-
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Model DevF1 TestF1 A
Gemma3 12B  0.827 0.797  —0.030
Gemma 3 27B 0.838 — -
XLM-R Large ~ 0.800  0.665"  —0.135
Qwen3-14B 08117 0.665° —0.146

Table 3: Model comparison. “Hybrid submission. "Best
dev F1 for selected languages only. Only Gemma mod-
els generalize reliably from dev to test.

Strategy Languages Won
Ensemble weighted 9
Ensemble average 5
12B tuned only 4
27B tuned only 4

Table 4: Best strategy per language on the development
set. Ensemble methods win for 14 out of 22 languages.

thetic data choices: Swabhili improves at low ra-
tios but does not benefit from higher ratios, and
Khmer degrades by 6.4% at 50% synthetic ratio.
This is consistent with the finding by Cegin et al.
(2025) that augmentation primarily benefits lower-
data scenarios.

5.3 Model Comparison

We evaluated multiple architectures. Table 3 shows
the results.

Only the Gemma models generalize reliably
from development to test. XLM-RoBERTa and
Qwen3 showed competitive development perfor-
mance but suffered large drops on the test set. For
example, XLM-R achieved 0.856 development F1
for Bengali but only 0.297 on test, a 56% absolute
drop. This trend is similar to what we observed
in our previous work (Mhalgi et al., 2024), where
ensembles that performed best on the development
set did not fully generalize to the test set.

5.4 Ensemble and Threshold Results

Table 4 shows the distribution of winning strategies
across languages.

Ensemble methods won for 14 out of 22 lan-
guages. Optimal thresholds range from 0.3 (Nepali)
to 0.7 (Khmer, Amharic, Bengali), showing that
the models are not well calibrated at the default
threshold of 0.5.

Table 5 shows per-language test F1 for our key
submissions. Overall, 18 out of 22 languages im-
proved from Submission 1 to Submission 4, with
the largest improvement for Khmer (+8.7%).

Lang Sub1l Sub4 A
khm 0.656 0.743  +8.7%
swa 0.774  0.811 +3.7%
nep 0.876 0908 +3.2%
fas 0.804  0.828 +2.4%
hin 0.800 0.824 +2.4%
pol 0.814  0.835 +2.1%
ita 0.543  0.563 +2.0%
ori 0.793 0.811 +1.8%
eng 0.805 0.818 +1.3%
ben 0.828 0.837 +0.9%
Mean (all 22) 0811 +14%

Table 5: Per-language test F1 improvements (top 10
shown). 18 out of 22 languages improved from Submis-
sion 1 to Submission 4.

5.5 Analysis

Threshold Sensitivity. We find that the models
exhibit probability miscalibration. For example,
Russian predictions have a mean probability of
0.246 (under-confident), while Khmer averages
0.919 (over-confident). This miscalibration makes
the default 0.5 threshold suboptimal, which ex-
plains why threshold tuning alone yields significant
gains.

Leaderboard Performance. On the official
leaderboard, our system ranked 2nd overall out
of 60 teams, with a mean F1 of 0.811 compared
to 0.818 for the top-ranked system. We achieved
Ist place in 3 languages (Ambharic, Hindi, Swahili),
top-3 in 8 languages, and top-10 in 17 out of 22 lan-
guages. Our weakest rankings are in Italian (25th)
and Spanish (14th), which are also our lowest-
performing languages in absolute terms. Full per-
language rankings are provided in Appendix D.

Remaining Challenges. Italian (0.563) is our
worst performing language by a wide margin. On
closer inspection, the POLAR Italian split reveals
a topic coverage gap rather than a simple class
ratio shift. The training and development sets con-
tain zero examples labeled with the political or
other topic categories, yet these two categories
account for 41% of the Italian test set (631 of 1538
samples) and roughly 87% of its positive class, as
shown in Table 6. Since POLAR topic labels only
co-occur with polarized rows, the model was ef-
fectively evaluated on a positive sub population it
never observed during training.
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Topic Train Dev Test
political 0 (0.0%) 0(0.0%) 412 (26.8%)
racial/ethnic 746 (22.4%) 37 (22.3%) 143 (9.3%)
religious 285 (8.5%) 14 (8.4%) 69 (4.5%)
gender/sexual 381 (11.4%) 19 (11.4%) 61 (4.0%)
other 0 (0.0%) 0(0.0%) 219 (14.2%)
positive rate 41.0% 41.6% 47.3%

Table 6: Italian POLAR topic label and positive class
distribution across splits. The political and other
categories are entirely absent from train and develop-
ment but account for 41% of test samples and about
87% of test positives, which explains the Italian test set
performance drop.

6 Conclusion

We conducted an extensive analysis of Gemma-
based models for multilingual polarization detec-
tion, investigating the effectiveness of synthetic
data augmentation, ensemble methods, and per-
language threshold optimization. We find that
model generalization matters more than develop-
ment set performance: Gemma was the only archi-
tecture that reliably transferred from development
to test, while XLM-RoBERTa and Qwen3 suffered
large drops. Threshold tuning provides 2 to 4% im-
provement without retraining. Ensemble methods
combining 12B and 27B predictions are effective
for 14 out of 22 languages. Synthetic data provides
modest gains of 2 to 3%, primarily for low-resource
languages, with 30% being the optimal ratio. Our
final system achieves 0.811 mean macro-F1 across
22 languages, placing 2nd overall on the official
leaderboard.

For future work, we plan to explore more sophis-
ticated calibration methods such as temperature
scaling and investigate topic coverage gaps of the
kind we observed in Italian, where an entire class
of polarization topics was absent from the training
data.

Limitations

Our system trains separate models per language,
requiring significant compute resources. The syn-
thetic data quality for low-resource languages
(Khmer, Swabhili) may be limited, as GPT-40-mini
may not generate authentic text in these languages.
Our threshold tuning is optimized on a small de-
velopment set and may not fully transfer to the
test distribution. Finally, the synthetic data mix of
50% direct generation, 30% paraphrasing, and 20%
contrastive pairs was chosen heuristically, based

on the intuition that direct generation should con-
tribute the bulk of new topical content, paraphras-
ing should preserve label boundaries on real sam-
ples, and contrastive pairs should sharpen class
separation. We did not run a systematic ablation
over these strategy ratios and leave that study to
future work.

Ethics Statement

Our system processes social media text that may
contain offensive or polarizing content. The syn-
thetic data generation process involved prompting
LLMs to produce polarizing content for training
purposes only. These synthetic samples are not
representative of any real individuals or groups and
are used solely for classifier training.
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C Prompt Strategies

We used GPT-40-mini for all synthetic data genera-
tion, with different prompt templates per strategy.
All prompts instruct the model to output only the
generated text in the target language, without labels,
explanations, or meta-commentary.

Direct Generation. We provided the model with
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ate a social media post in the target language. For
polarized samples, the prompt specifies that the
post should target a specific group using vilifying,
stereotyping, or dehumanizing language and show
an us-vs-them mentality. For non-polarized sam-
ples, the prompt asks for a post that discusses the
same types of topics in a neutral or balanced way,
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Paraphrasing. We provided the model with a
real training sample and asked it to rewrite it us-
ing different words and phrasing while preserving
the exact same meaning, sentiment, and level of
polarization. The prompt specifies that the output
should be in natural target-language expressions
and within 20% of the original word count. We
used a lower temperature of 0.7 to keep paraphrases
close to the originals.

Contrastive Pairs. We asked the model to gen-
erate two versions of a social media post about a
given topic: one polarized (containing vilification,
stereotyping, or an us-vs-them mentality) and one
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versions are required to discuss the same topic, be
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Lang Sub1l Sub4 A Strategy Threshold
amh 0.800 0.797 —-0.3% 27B tuned 0.7
arb 0.848 0.848 +0.0% 27B tuned 04
ben 0.828 0.837 +0.9% 27B tuned 0.7
deu 0.721  0.728 +0.7%  Ens. weighted (0.3) 0.45
eng 0.805 0.818 +1.3%  Ens. weighted (0.6) 0.4
fas 0.804 0.828 +2.4%  Ens. weighted (0.6) 0.6
hau 0.793  0.800 +0.7%  Ens. weighted (0.7) 0.5
hin 0.800 0.824 +2.4% Ens. average 0.6
ita 0.543 0.563 +2.0%  Ens. weighted (0.6) 0.45
khm 0.656 0.743 +8.7% 12B tuned 0.7
mya 0.874 0.877 +0.3% 12B tuned 0.35
nep 0.876 0908 +3.2%  Ens. weighted (0.3) 0.3
ori 0.793 0811 +1.8%  Ens. weighted (0.7) 0.4
pan 0.805 0.812 +0.7% Ens. average 0.45
pol 0.814 0.835 +2.1% Ens. average 0.3
rus 0.807 0.806 —0.1% Ens. average 0.55
spa 0.770  0.779  +0.9%  Ens. weighted (0.6)  0.55
swa 0.774 0811 +3.7% Ens. average 0.65
tel 0.893 0882 —1.1% 27B tuned 0.5
tur 0.802 0.809 +0.7%  Ens. weighted (0.3) 0.5
urd 0.803 0.803 —0.0% 12B tuned 0.35
zho 0917 0919 +0.2% 12B tuned 0.6
Mean 0.797 0811 +1.4%

Table 7: Complete per-language test F1 results with strategy and threshold used.

similar in length (30 to 60 words), and feel authen-
tic to the target language. The output uses a struc-
tured format (POLARIZED: and NON_POLARIZED:)
that we parse programmatically. We used a temper-
ature of 0.8 and a maximum of 500 tokens.

Backtranslation and Cross-Lingual Transfer.
In exploratory experiments, we used Google Cloud
Translate for backtranslation by translating source
text to a pivot language (English by default, with
multi-pivot using English, German, French, and
Spanish) and then back to the source language. For
cross-lingual transfer experiments, we translated
training data from a related higher-resource lan-
guage to the target language (e.g., Hindi to Nepali,
Bengali to Odia).

D Leaderboard Rankings

Table 9 shows our per-language rankings on the
official Subtask 1 leaderboard.

Lang Base Best Ratio
amh  0.781 0.781 0%
arb 0.814 0.828 30%
ben 0.832 0.832 0%
deu - 0.792  30%
eng 0.808 0.811 50%
fas 0.847 0.849  30%
hau 0.766 0.804  20%
hin 0.848 0.865 30%
ita 0.686 0.701 50%
khm  0.628 0.692  30%
mya  0.853 0.887 20%
nep 0.870  0.890 10%
ori 0.891 0.891 0%
pan 0.859  0.859 0%
pol 0.792 0.834  30%
rus 0.781 0.827 30%
spa 0.757  0.757 0%
swa 0.819 0.833 10%
tel 0.907  0.907 0%
tur 0.809 0.817 10%
urd 0.785  0.799 10%
zho 0921 0930 30%

Table 8: Optimal synthetic ratio per language for
Gemma 3 12B. Base = 0% synthetic. 6 out of 22 lan-
guages perform best without synthetic data.
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Lang Rank Ours Best A
amh’ 1 0.800 0.800  0.000
arb 2 0.848 0.849 —0.0004
ben 12 0837 0863 —0.025
deu? 8 0.728 0.761  —0.033
eng’ 3 0.818 0.825 —0.008
fas* 4 0.828 0.835 —0.007
hau 12 0.800 0.834 —0.034
hin’ 1 0.824 0.824  0.000
ita 25 0563 0730 —0.167
khm? 6 0.743 0.774  —0.032
mya* 9 0.877 0.891 —0.014
nep 12 0908 0.924 —0.016
ori* 5 0.811 0.826 —0.015
pan’ 2 0.812 0826 —0.014
pol’ 3 0.835 0.843 —0.008
rus® 6 0.807 0.830 —0.024
spa 14 0779 0.803 —0.024
swa' 1 0.811 0.811  0.000
tel* 4 0.893 0.905 —0.012
tur’ 3 0.809 0.833 —0.024
urd? 4 0.803 0.820 —0.017
zho* 7 0.919 0932 —0.013
Avg 2 0.811 0.818 —0.007

Table 9: Per-language rankings on the official Subtask 1

leaderboard. A = Ours — Best. "Top 3, ¥Top 4-9. Bold
= Ist place. Average Best score is computed over partic-

ipants who participated in at least 11 of 22 languages.
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