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Abstract

The POLAR SemEval-2026 Shared Task aims
to detect online polarization and focuses on the
classification and identification of multilingual,
multicultural, and multi-event polarization.

Accurate computational detection of online
polarization is challenging due to nuanced
rhetoric, implicit framing, and the high cost of
human-in-the-loop annotation. Building on re-
cent findings that contextual prompting enables
large language models to function as strong
polarization detectors, we present a two-stage
approach for detecting polarization in social
media text that combines structured supervised
fine-tuning with Direct Preference Optimiza-
tion (DPO) refinement.

We fine-tune Qwen 2.5-7B-Instruct with LoORA
using an interpretable slot-filling template (tar-
get, claim type, manifestation checklist, and
justification). We then apply DPO with au-
tomatically generated preference pairs to re-
duce costly false negatives. Our submitted
system achieves 0.7664 Macro-F1 on the En-
glish test set. Post-submission experiments
with Mistral-Nemo-Instruct-2407 and LLM-
judge-filtered preference pairs further improve
to 0.8162 Macro-F1 (not submitted to Cod-
aBench), surpassing the organiser baseline of
0.7802.

1 Introduction

Large Language Models (LLMs) are rapidly be-
ing integrated across domains, from scientific re-
search to customer service and policy analysis
(Bommasani et al., 2022). Their capacity for large-
scale language understanding has made them cen-
tral to tasks such as semantic evaluation, stance
detection, and content moderation (Devlin et al.,
2019; Zhang et al., 2024; Pangtey et al., 2025).

In particular, LLMs have transformed online
discourse analysis by enabling fine-grained inter-

*Code available at https://github.com/
atharva7-g/POLAR-SemEval-Submission
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pretation of meaning, context, and intent at scale,
surpassing earlier rule-based and shallow machine
learning approaches (Franceschelli and Musolesi,
2025; Li et al., 2024). Online discourse increas-
ingly reflects strong ideological divides, making
polarization detection an important task for moder-
ating digital communication (Loru et al., 2025).

In this paper, we study polarization detection
in online discourse and describe a two-stage ap-
proach that combines structured supervised fine-
tuning with preference-based refinement. Our goal
is to improve Subtask 1 classification performance,
particularly Macro-F1, while keeping the system
efficient. Our submission targets Subtask 1 (Po-
larization Detection) in the English language only;
all experiments, development evaluations, and the
final task submission are conducted exclusively on
the English portion of the POLAR dataset.

In summary, our contributions are:

¢ We formulate SemEval-2026 Task 9 (POLAR)
Subtask 1 (Naseem et al., 2026a,b) as binary
classification and augment predictions with a
structured rationale (target, claim type, man-
ifestation checklist, and justification) using
a rigid slot-filling schema to reduce output
variance.

* We apply Direct Preference Optimization
(DPO) (Rafailov et al., 2024) with automati-
cally constructed preference pairs to discour-
age overly conservative predictions and re-
duce false negatives.

* We show through ablation that structured rea-
soning generation and preference-based re-
finement are mutually reinforcing: the ratio-
nale enables more effective DPO pair con-
struction, and post-submission experiments
confirm this synergy scales with model capac-

1ty.
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* Post-submission experiments with Mistral-
Nemo-Instruct-2407 and LLM-judge-filtered
preference pairs improve Macro-F1 to 0.8162,
surpassing the organiser baseline of 0.7802.

2 Related Work

Polarization and related abuse detection are widely
studied research areas (Naseem et al., 2026b).
Earlier shared-task work includes SemEval-2019
HatEval, which provides multilingual resources
and baselines for related hate and abuse detection
(Basile et al., 2019).

Methodologically, recent work explores LLM
adaptation via prompting and parameter-efficient
fine-tuning, finding that fine-tuning often outper-
forms in-context learning on polarization-adjacent
tasks (Maggini et al., 2025). Complementary to
standard cross-entropy fine-tuning, supervised con-
trastive objectives have been shown to improve
robustness and generalization of pre-trained lan-
guage model classifiers, especially in low-data set-
tings (Gunel et al., 2021). Sucu et al. (2025) further
demonstrate that the addition of contextual infor-
mation substantially improves stance detection ac-
curacy.

We extend this line of work by jointly enforc-
ing a structured output schema and applying DPO
refinement (Wang et al., 2024) with automatically
generated preference pairs to reduce false negatives,
combining the benefits of structured fine-tuning
and preference-based optimization.

3 Method

3.1 Problem setup

We address Subtask 1 (Polarization Detection) of
SemEval-2026 Task 9 (POLAR) (Naseem et al.,
2026b), formulated as binary classification of so-
cial media posts as polarized (y=1) or not (y=0).
In addition to the label, we generate a structured ra-
tionale: a target group, claim type, and a 6-category
manifestation checklist (Stereotype, Vilification,
Dehumanization, Extreme Language, Lack of Em-
pathy, Invalidation) adopted from the organizers’
Subtask 3 scheme (POLAR Task Organizers, 2026),
plus a free-form justification.

3.2 Approach

We treat polarization detection as a generative
task in which the model outputs both the label
and a structured rationale. Our approach consists
of a two-stage training pipeline: (i) structured

Generate
Outputs

‘4—‘ Structured SFT ‘4—{ Input Text ‘
Preference Pairs }—>‘ DPO Refinement H Final Prediction

Figure 1: Overview of our two-stage pipeline for Sub-
task 1 polarization detection: structured supervised fine-
tuning (SFT) first generates schema-consistent outputs,
and DPO refinement then learns from preference pairs
to produce the final prediction.

supervised fine-tuning (SFT) to obtain a format-
following polarization detector, and (ii) Direct Pref-
erence Optimization (DPO) refinement to improve
decision quality, with a focus on reducing costly
false negatives, while preserving the same output
schema.

Stage 1: Structured supervised fine-tuning
(SFT). We fine-tune an instruction-tuned LLM to
emit a single structured record that includes the bi-
nary label and a rationale, enforcing a fixed output
schema for consistency.

Stage 2: Preference-based refinement with DPO.
Starting from the SFT checkpoint, we apply Direct
Preference Optimization (DPO) (Rafailov et al.,
2024) to refine the decision boundary under the
same output schema.

Preference pair construction. We build pairs
by contrasting model outputs that (i) correctly clas-
sified content versus (ii) plausible but overly con-
servative outputs that wrongly label the instance.
We employ categories obtained from the Subtask 3
manifestation indicators to prioritize outputs that
recognize explicit vilification, dehumanization, or
extreme language.

4 Experiments

4.1 Experimental setup

Dataset We evaluate our approach on the PO-
LAR @ SemEval-2026 dataset released by the task
organizers (Naseem et al., 2026b; POLAR Task
Organizers, 2026). Although the full dataset spans
22 languages, this work focuses exclusively on the
English subset; the non-English portions of the
dataset were not processed using the method de-
scribed here, and our final task submission covered
English only. The train and validation splits were
released before evaluation. We use these official
train and validation splits as-is and report the En-
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Split  Total Polarized Non-polarized
Train 3,222 1,175 (36.5%) 2,047 (63.5%)
Dev 160 59 (36.9%) 101 (63.1%)
Test 1,452 533 (36.7%) 919 (63.3%)
Total 4,834 1,767 (36.6%) 3,067 (63.4%)

Table 1: English dataset statistics and label distribution
across official splits.

glish subset statistics in Table 1.

Baseline fine-tuning pipeline. We establish a
simple fine-tuning baseline by splitting the data
into train/validation/test (80/10/10), fine-tuning a
classifier with LoRA adapters, and evaluating with
macro precision, recall, and F1.

4.1.1 Stage 1: Structured Supervised
Fine-Tuning

Base Model We initialize with the Qwen 2.5-7B-
Instruct model (Team, 2024), a decoder-only large
language model. Structured SFT training data was
generated using Gemma 3 27B (Gemma Team
etal., 2025) served via Ollama, using the slot-filling
prompt template described in Appendix A.6.

Parameter-Efficient Fine-Tuning We fine-tune
with LoRA (Hu et al., 2021) on Qwen/Qwen2.5-
7B-Instruct using attention projections only (full
hyperparameters in Appendix Table 11).

To address class imbalance, we also test with
a weighted loss upweighting polarized examples
with class weights [1.0, 1.5].

Generation Protocol Each prompt follows the
format below; the model generates a structured
rationale followed by a binary label, which is ex-
tracted via regex.

Input: {text}
Reasoning:

4.1.2 Stage 2: Preference-based refinement
with DPO

We apply DPO to refine the SFT model by learn-
ing from preference pairs that distinguish higher-
quality reasoning and correct labels from weaker
or incorrect outputs. We specifically try to address
SFT’s tendency to produce false negatives.

DPO optimizes the model to prefer chosen re-
sponses over rejected ones via a contrastive loss,
implicitly learning a reward signal without re-
quiring a separate reward model (Rafailov et al.,
2024). Compared to other RLHF techniques such
as GRPO (Shao et al., 2024), DPO is simpler
to implement, more stable, and computationally
lightweight (Rafailov et al., 2024).

Method English Dev F1
Zero-shot baseline 0.7105
SLMs 0.7149
SET 0.738
SFT + DPO 0.7893

Table 2: F1 scores on the English development set.
SLMs = Small Language Models baseline (DistilBERT
fine-tuned for sequence classification). Weighted loss
during SFT did not improve performance.

Preference Pair Creation. For each input, we
sample multiple SFT completions at varied decod-
ing temperatures to increase output diversity, then
assign each completion one of three labels. When
an input yields heterogeneous labels, we construct
preference pairs by ranking completions according
to the labels above:

CORRECT > FP = FN,

treating higher-ranked completions as chosen and
lower-ranked ones as rejected. We rank false neg-
atives below false positives because missed polar-
ized content poses greater harm in moderation con-
texts than over-flagging: an undetected polarizing
post may spread unchecked, whereas a false posi-
tive can be reviewed and reversed. This ordering
prioritizes recall recovery: SFT alone captures only
half of polarized instances, making false negatives
the dominant failure mode to correct.

After the release of the leaderboards, we also test
a new pair-generation variant that uses two prompt
settings per input rather than a single prompt: one
that encourages a prediction of 1 and another that
encourages a prediction of 0. The resulting outputs
are then processed with the same ranking rule to
determine chosen and rejected responses.

Training configuration. We report full DPO hy-
perparameters in Appendix Table 12.

5 Results

Tables 2 and 4 report results on the English de-
velopment set using the 80/10/10 split described
above.

Tables 2 and 4 summarizes our English devel-
opment results. As a lightweight baseline, we fine-
tune DistilBERT (Sanh et al., 2019) for binary se-
quence classification (referred to as SLMs in Ta-
ble 2); this serves as a reference point for the cost
of supervised adaptation without instruction tuning
or structured rationale generation. The zero-shot

3070



System Rank (out of 60) F1

Highest-ranked system 1 0.8252
POLAR baseline 47 0.7802
Our system 52 0.7664

Table 3: Unofficial English Subtask 1 leaderboard com-
parison (60 teams).

Metric SFT SFT + DPO
Accuracy 0.7812 0.8000
Precision 0.8333 0.7077
Recall 0.5085 0.7797
F1 (Binary) 0.6316 0.7419
F1 (Macro)  0.7380 0.7893
F1 (Micro)  0.7812 0.8000

Table 4: English development set metrics comparing
SFT vs. SFT + DPO.

baseline starts at 0.7105 F1 on the dev set. The Dis-
tilBERT baseline reaches 0.7149, marginally above
zero-shot. SFT further improves performance to
0.738, while DPO yields the strongest dev perfor-
mance at 0.7893.

On the English test set provided by the orga-
nizers, the SFT + DPO model reaches 0.7664 F1,
indicating that preference refinement improves gen-
eralization beyond the development set.

Weighted-loss supervised fine-tuning (SFT) did
not outperform standard SFT in our experiments,
suggesting that class imbalance was not the primary
bottleneck. We therefore report unweighted SFT
as the primary baseline.

Table 3 presents the ranking comparison be-
tween our system, the POLAR baseline, and the
highest-ranked system.

Table 4 highlights that DPO substantially in-
creases recall (0.5085 — 0.7797), which reduces
false negatives, but this comes with a drop in pre-
cision (0.8333 — 0.7077). We can explain this
pattern by considering that DPO shifts the decision
boundary toward preferring polarized outputs in
borderline cases, increasing sensitivity at the cost
of more false positives. The corresponding gains
in F1 (binary and macro) indicate improved sensi-
tivity to polarized content.

A qualitative example showing DPO correcting
a false negative is provided in Appendix Table 10.

6 Experiments Post CodaBench
Submission

After the release of the official rankings and leader-
board on GitHub, we trained both SFT and SFT +
DPO on the full training set. For the DPO runs, we
also experimented with LLM-as-a-judge filtering

of preference pairs using DeepSeek-R1 (DeepSeek-
Al 2025), following the same filtering procedure
described in Section 6.3. Full details in A.7.

Tables 7 and 6 report results on the official En-
glish test set (n=1,452), using models trained on
the full official training split. When trained on all
3,222 examples from the official English training
split, SFT achieved an F1 score of 0.7712 after 3
epochs and 0.7795 after 10 epochs on the test set.
Applying DPO to the best-performing SFT model
resulted in an F1 score of 0.7889.

Training data was re-validated by Claude 3.5
Sonnet (hereafter Rejudged Sonnet dataset),
and DPO preference pairs were filtered using
DeepSeek-R1 (DeepSeek-Al, 2025) as an LLM
judge, yielding a balanced 62:38 FP:FN ratio.

Rejudged Sonnet dataset. The Rejudged Sonnet
dataset is derived from the official English training
split (3,222 examples) by re-validating every label
with Claude 3.5 Sonnet as an LLM judge. Rea-
soning for each example was generated by GPT
OSS 120B Nitro; Claude 3.5 Sonnet then evaluated
the generated reasoning and revised labels where
the reasoning did not support the original annota-
tion. Each label was then also manually reviewed.
Of the 3,178 training examples with an exact text
match in the rejudged set, 196 (6.2%) received a
revised label, finally producing a net increase in
the proportion of polarized examples.

Model mFI  Ace. PO) RO
Mistral-Nemo 0.7963 0.8030 0.7928 0.8121
Qwen2.5-7B  0.7835 0.7899 0.7811 0.8006

Table 5: Label-only SFT performance on the English
test set (n = 1,452) trained on the original unmodified
labels without the Rejudged Sonnet dataset.

6.1 DPO preference pair data

Our DPO dataset is built automatically from SFT
generations and is designed to preserve the same
structured response format used during supervised
fine-tuning. For details on how these pairs are
constructed, please see Section 4.1.2.

The following analysis was conducted after the
task ranking was released and was not used to gen-
erate the leaderboard predictions.

Using the two-prompt method at varied temper-
atures, we generate 721 candidate pairs, filtered
to 330 by deduplication and length ratio (Table 6).
More pairs reduce FNs but degrade overall F1 due
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Mode F1 FNs FPs
SFT 0.7795 158 137
SFT with DPO (330 pairs) 0.7889 132 155
SFT with DPO (721 pairs)  0.7637 64 274

Table 6: Effect of DPO preference pair count on
F1, false negatives (FNs), and false positives (FPs).
SFT baseline is the 10-epoch full-training-set model;
development-set results appear in Tables 2 and 4.

Condition Acc. P(1) R(1) mFl1
Label-only SFT ~ 0.792 0.777 0.7884 0.781
Label-only + DPO 0.720 0.618 0.625 0.699
Reasoning SFT 0.793 0.745 0.662 0.771
Reasoning + DPO 0.802 0.732 0.704 0.789

Table 7: Structured rationale ablation on the English
test set. P(1) and R(1) = precision and recall for the
polarized class; mF1 = Macro-F1. Best in bold.

to noise, confirming that LL.M-as-a-judge quality
control (Yu et al., 2025) is needed before training.

Preference pairs for post-submission DPO train-
ing on Mistral-Nemo were constructed exclusively
from inputs where the Mistral-Nemo SFT check-
point produced incorrect outputs. For each such
input, the two-prompt method was applied using
Llama-3.3-70B (Grattafiori et al., 2024), yielding
a pool of candidate responses. These candidates
were ranked according to the ordering CORRECT
> FP > FN.

The resulting pairs were then evaluated by
DeepSeek-R1 (DeepSeek-Al, 2025), acting as an
LLM-based judge, to remove low-confidence or
inconsistent comparisons. This filtering step pro-
duced a final dataset of 299 preference pairs, with
a 62:38 ratio of FP to FN cases. Full construction
details and prompts are provided in Appendix A.7.

6.2 Structured Rationale Ablation

To assess whether the structured rationale con-
tributes to classification performance, we compare
four conditions in a controlled ablation on the En-
glish test set (n = 1,452): label-only SFT, label-
only SFT followed by our reasoning DPO setup
(label-only+DPO), reasoning SFT, and reasoning
SFT+DPO. All SFT conditions use 3 epochs, the
same base model, LoRA configuration, and train-
ing data.

Table 7 shows that label-only SFT outperforms
reasoning SFT in isolation (Macro-F1: 0.7811
vs. 0.771), consistent with findings that SFT on
full chain-of-thought sequences dilutes gradient
signal on the final label token (Shi et al., 2025).
However, label-only SFT+DPO collapses to 0.699,

System mF1

Qwen2.5-7B Label-Only SFT (Rejudged) 0.7811
Mistral-Nemo Label-Only SFT (Rejudged) 0.8019
Mistral-Nemo SFT (Rejudged) 0.8097
Mistral-Nemo DPO (FP:FN 62:38, 5=0.3) 0.8162

Table 8: Post-submission results on the English test
set (n=1,452). None submitted to CodaBench. mF1 =
Macro-F1.

while reasoning SFT+DPO achieves the best re-
sult (0.789), showing that the rationale’s value is
in enabling DPO rather than improving the SFT
decision boundary. These ablations use Qwen2.5-
7B-Instruct; post-submission results (Section 6.3)
show that reasoning data does benefit the larger
Mistral-Nemo model.

6.3 Post-submission Results

All experiments here were conducted after the of-
ficial submission deadline and were not submitted
to CodaBench. A full beta sweep and additional
analysis are in Appendix A.1.

Post-submission experiments replaced Qwen2.5-
7B-Instruct with Mistral-Nemo-Instruct-2407 (Mis-
tral Al, 2024), a 12B model with strong multilin-
gual instruction-following.

Table 8 shows that Mistral-Nemo SFT with Re-
judged Sonnet data (0.8097) surpasses both the
organiser baseline (0.7802) and the label-only vari-
ant (0.8019), confirming that structured reasoning
data provides a meaningful training signal for the
larger model. Applying quality-filtered DPO at
(£=0.3 further improves to 0.8162 (Polar-SemEval,
2026), up from 0.7664 (rank 52) for the submitted
system.

Results of the beta sweep over nine 3 values
(0.1-0.5) are reported in Appendix Table 9.

7 Conclusion

We presented a two-stage system for polarization
detection combining structured SFT with DPO
refinement. The submitted system, based on
Qwen2.5-7B-Instruct, achieved 0.7664 Macro-F1
on the English test set.

Post-submission improvements (Section 6.3)
raise performance to 0.8162 Macro-F1: surpassing
the organiser baseline (0.7802) on the unofficial
English leaderboard (Polar-SemEval, 2026).

Limitations

We observed a subset of ambiguous examples in the
training dataset where cues were mixed or context-
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dependent, and annotator intent was not always
clear from the text alone. These cases were espe-
cially challenging for both SFT and DPO, leading
to inconsistent predictions. The structured rationale
does not fully resolve this ambiguity.

A limitation of our submitted system is that,
for Qwen2.5-7B-Instruct, structured rationales do
not outperform a label-only baseline. Label-only
SFT achieves 0.7811 Macro-F1 versus 0.771 for
reasoning SFT. At this scale, rationales mainly
recover performance lost during reasoning-based
fine-tuning via preference optimization, rather than
improving it. Post-submission results indicate this
is a scale effect, with clearer gains from structured
reasoning emerging at 12B parameters.

The post-submission experiments use a re-
validated training set that differs from the data used
for the official submission; improvements over the
submitted system therefore reflect both the stronger
base model and the change in training labels.

Precision remains relatively low across all con-
figurations using rationale-based SFT (best: 0.76),
reflecting the subtle boundary between emphatic-
but-neutral language and genuinely polarizing con-
tent, as well as the model’s tendency toward high
recall.

Future Work

Post-submission results confirm that preference
pair quality is the primary DPO bottleneck. Fu-
ture work should investigate loss masking (Shi
et al., 2025) to recover the recall cost of reason-
ing SFT, and explore SimPO (Meng et al., 2024)
or KTO (Ethayarajh et al., 2024) as more stable
preference optimisation alternatives. The precision-
recall trade-off and the causes of DPO instability in
smaller models warrant further study — in particu-
lar, whether reference-free objectives can stabilise
DPO for 7B-scale models. Extending the pipeline
to non-English languages in the POLAR bench-
mark (Naseem et al., 2026b) is a direct next step,
as is evaluating whether the Rejudged Sonnet qual-
ity improvement transfers to other base models.
Generating reasoning chains using a stronger judge
model (e.g. GPT-40 or Claude 3.7 Sonnet) could
yield higher-quality training data and further im-
prove both SFT and DPO performance. Sourcing
additional training data from related polarization
and hate-speech datasets (Basile et al., 2019) would
also increase coverage of underrepresented mani-
festation types such as subtle Invalidation.
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A Appendix

A.1 Post-submission Experimental Detail
e e T
Filtered Pairs it (0L e Varied-temp

LLM Judge
(62:38 FP:FN) (DeepSeek-R1) 3.3-70B) Sampling
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DPO Training Final Model
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Candidate

Figure 2: Post-submission pipeline. Rejudged Sonnet
training data produces an SFT checkpoint, which then
generates completions at varied temperatures to form
candidate preference pairs. DeepSeek-R1 filters these
into a balanced set (62:38 FP:FN ratio). DPO then re-
fines the same SFT checkpoint (dashed arrow) using the
filtered pairs, producing the best post-submission result
of 0.8162 Macro-F1. The Rejudged Sonnet training data
was produced by generating reasoning with GPT OSS
120B Nitro and filtering labels with Claude 3.5 Sonnet
as a judge (see Appendix A.7).

The post-submission setup is described in Sec-
tion 6.3. We provide stability and sensitivity details
below.

Across 20 DPO runs on Mistral-Nemo, using
stale preference pairs, unfiltered pairs, or excessive
training epochs consistently degraded performance.
Epoch count is especially critical: 10 epochs on
260 pairs collapsed to Macro-F1 0.6508 vs. 0.8012
at 2 epochs.
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A subsequent beta sweep over 9 values (0.1-0.5)
on the same pair set confirms robustness: all con-
figurations beat the SFT baseline (0.8097), with
Macro-F1 ranging from 0.8065 to 0.8142 and no
single beta dominating clearly (Table 9). This flat-
ness suggests pair quality and composition (FP:FN
ratio) are the binding constraints, not 3.

B mFl _ Acc.  P(I) R(D)
0.10 0.8127 0.8230 0.739 0.801
0.15 0.8125 0.8230 0.740 0.799
0.20 0.8136 0.8237 0.738 0.805
0.25 0.8108 0.8209 0.734 0.803
0.30 0.8162 0.8230 0.736 0.809
0.35 0.8079 0.8182 0.731 0.799
0.40 0.8071 0.8189 0.727 0.811
0.45 0.8142 0.8258 0.737 0.816
0.50 0.8065 0.8223 0.733 0.811
SFT baseline 0.8097 0.8182 0.719 0.827

Table 9: Beta sweep on 299 DeepSeek-R1-filtered DPO
pairs (62:38 FP:FN ratio), Mistral-Nemo-Instruct-2407,
2 epochs. mF1 = Macro-F1; P(1)/R(1) = precision/recall
for the polarized class.

A.2 Qualitative Example

Table 10 shows a representative case from the En-
glish test set where SFT produced a false negative
that DPO subsequently corrected. The SFT model
marked all manifestation categories as absent and
assigned label 0. After DPO refinement, the model
identified Stereotype, Vilification, Lack of Empa-
thy, and Invalidation as present, driving the correct
label-1 prediction. This suggests that the structured
manifestation checklist is doing real work in the
DPO model: the label change is anchored to spe-
cific checklist fields rather than arising from an
unconstrained shift in output distribution.

A.3 Hyperparameters

Post-submission experiments use Mistral-Nemo-
Instruct-2407 as the base model. We attribute its
stronger response to reasoning-based SFT — rel-
ative to Qwen2.5-7B-Instruct — to its larger pa-
rameter count (12B vs. 7B), explicit multilingual
instruction-following training, and greater capacity
to jointly learn a structured output schema and the
classification objective. Larger models are known
to benefit more from chain-of-thought style super-
vision (Wei et al., 2022).

Table 11 reports the SFT hyperparameters.

Table 12 provides the complete DPO hyperpa-
rameter configuration.

Input text (eng_03a6d£f98)

“Ending 2024 with an illadvised text conversation with my
brother that ended with ‘Really little bro? I can deal with
the atheism, but socialism?”’

Gold label: 1 (Lack of Empathy: present; Invalidation:
present)
SFT output (label: 0 — false negative)

Target: specific individual ~Claim type: evaluative opin-
ion
Stereotype: absent  Vilification: absent
Dehumanization: absent  Extreme Language: absent
Lack of Empathy: absent Invalidation: absent
Decision basis: The text is a personal, non-political anec-
dote about a family disagreement that does not contain any
of the defined polarization manifestations.

Final Answer: 0
SFT + DPO output (label: 1 — corrected)

Target: specific group Claim type: evaluative opinion
Stereotype: present Vilification: present
Dehumanization: absent Extreme Language: absent
Lack of Empathy: present Invalidation: present
Decision basis: The text vilifies socialism by framing it as
an invalid or illegitimate belief and invalidates the opposing
viewpoint by dismissing it as “illadvised”; the conditional
acceptance structure (“I can deal with X, but not Y”’) con-
stitutes Lack of Empathy.

Final Answer: 1

Table 10: Qualitative comparison of SFT (Mistral-
Nemo baseline) vs. best DPO model (299 DeepSeek-
R1-filtered pairs, $=0.3) on a false-negative example
from the test set. Bold fields differ between the two
outputs. SFT misreads the implicit ideological framing
as a personal anecdote and predicts 0. DPO recovers the
correct label (1) by identifying Lack of Empathy and
Invalidation, though it also flags Stereotype and Vilifica-
tion as present, which are absent in the gold annotation.

Parameter Value
Max Length 1024
Train Batch Size 1
Eval Batch Size 4
Gradient 8
Accumulation Steps
Learning Rate Se-5
Num Epochs 3
Warmup Ratio 0.0
Precision BF16
Optimizer adamw_torch
Class Weights [1.0, 1.5]
LoRA Rank (r) 8
LoRA Alpha 16
LoRA Dropout 0.05
LoRA Target Modules g_proj, k_proj, v_proj,
0_proj
Table 11: Pre-submission SFT hyperparameters

(Qwen2.5-7B-Instruct). Class weights [1.0, 1.5] were
used in both pre- and post-submission runs but did not
massively improve performance over unweighted train-
ing (see Section 5).
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Parameter Value
Max Length 1024
Max Prompt Length 512
Train Batch Size 1
Gradient 8
Accumulation Steps

Learning Rate Se-6
Num Epochs 2

3 (submitted) 0.1

[ (post-submission) 0.3
Warmup Ratio 0.0
Precision BF16

Table 12: DPO hyperparameters. Pre-submission uses
Qwen2.5-7B-Instruct with §=0.1; post-submission uses
Mistral-Nemo-Instruct-2407 with 3=0.3.

A.4 DPO Subset Sweep

To examine whether the FP:FN ratio in the pref-
erence pair set affects DPO performance, we con-
struct the subsets using stale preference pairs. We
subsampled the class-0 (FP-correcting) pairs while
keeping all class-1 (FN-correcting) pairs fixed,
yielding three smaller pair sets. All experiments
use the same hyperparameters (Mistral-Nemo,
= 0.1, 2 epochs, Ir = 5e-6) on the SFT Rejudged
Sonnet checkpoint.

Configuration ~ FP:FN Total mFl Recall
SFT baseline — — 0.8097 0.827
Original 190/70 73:27 260 0.8012 0.747
Subset 150/70  68:32 220 0.8024 0.745
Subset 120/70  63:37 190 0.8005 0.779
Subset 100/70  59:41 170 0.7986 0.739

Table 13: DPO subset sweep on the stale unfiltered
preference pairs: effect of subsampling class-0 (FP-
correcting) pairs while holding class-1 (FN-correcting)
pairs fixed at 70. Section 6.3), confirming that pair qual-
ity and volume rather than FP:FN ratio alone drive the
performance gap. Matching the test-set class distribu-
tion (120/70, 63:37) did not improve performance.

The 150/70 split achieved the best DPO result
(0.8024), but sits much below the best-performing
DPO system (0.8162). This gap persists despite the
more balanced pair ratio, reinforcing the conclu-
sion that LLM-judge quality filtering — not pair
composition alone — is the key factor separating
the best DPO configurations from the rest.

A.5 Label-Only SFT: Training Details

Label-only supervised fine-tuning trains the model
to predict the final binary classification label di-
rectly, without generating intermediate reasoning
steps. This serves as an important baseline for
assessing the contribution of structured rationale
generation.

Training Data. We use the full official English
training split (3,222 examples) with the original an-
notations, without any re-validation or relabeling.

Input Format. Each training example follows a
simplified two-field template:

Input:

<text>

Final Answer:
<label>

Training Configuration. We fine-tune with
LoRA using the same adapter configuration as the
reasoning SFT baseline (rank 8, alpha 16, dropout
0.05, attention projections only). Standard causal
language modelling loss is applied across all to-
kens in the sequence; no loss masking is used. Key
hyperparameters are listed in Table 14.

Parameter Value

Base Model Qwen/Qwen2.5-7B-Instruct
Training Data 3,222 samples (original)
Max Length 1024

Batch Size 8

Gradient Accumulation 1

Learning Rate Se-5

Num Epochs 10

Precision BF16

Optimizer AdamW

LoRA Rank (r) 8

LoRA Alpha 16

LoRA Dropout 0.05

LoRA Target Modules g_proj, k_proj, v_proj, o_proj
Loss Standard causal LM

Table 14: Label-only SFT hyperparameters (Qwen2.5-
7B-Instruct).

A.6 SFT training data generation prompt

The supervised fine-tuning dataset was generated
using the Gemma 3 27B model served via Ollama’s
inference framework (Gemma Team et al., 2025).
The prompt below is an excerpt from the template
employed during data generation. A very similar
prompt was used to generate the DPO dataset with
varying decoding temperatures; see Section 4.1.2.

Input:
<copy the input text verbatim>

Reasoning:

Target referenced:
individual / specific group /
— none>

<specific
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Claim type: <factual description
-~ / moral judgment / evaluative
< opinion / call to action /

— other>

Manifestations present:

- Stereotype: <present / absent>
- Vilification: <present /

— absent>

— Dehumanization:
— absent>

- Extreme Language and
<present /

<present /

— Absolutism:
— absent>

— Lack of Empathy or

< Understanding: <present /
— absent>

— Invalidation:
— absent>
Decision basis:
<one factual sentence explaining

<present /

< how the listed manifestations
— determine whether the text is
— polarized>

Final Answer:
[ 1>

<output ONLY 0 or

A.7 Preference Pair Generation: Methods
and Prompts

Across all experiments, preference pairs were con-
structed using the same mixed-outcome extraction
procedure: for each training input, multiple com-
pletions were sampled at varied decoding tempera-
tures to increase output diversity, classified as COR-
RECT, FP, or FN relative to the ground truth label,
and paired according to the ranking CORRECT >
FP > FN. The inference model used for completion
generation differed across experimental stages.

Submitted System. Completions were sampled
using Gemma 3 27B (Gemma Team et al., 2025)
served via Ollama at varied temperatures. Prefer-
ence pairs were then extracted from examples with
mixed outcomes across completions.

Post-Ranking Qwen Experiments. The comple-
tions were sampled using GPT OSS 120B using
the OpenRouter API at temperatures 0.6, 0.9, and
1.2, generating six completions per example (two
prompt strategies x three temperatures). Prompt A
argued in favor of a polarized label; Prompt B ar-
gued against it.

Examples where all completions had the same
outcome were excluded.

Post-Submission Mistral-Nemo Experiments.
The completions were sampled with Llama-3.3-
70B (Grattafiori et al., 2024) from the Mistral-
Nemo SFT checkpoint at various temperatures us-
ing the same two-prompt strategy. The resulting
candidate pairs were then filtered using DeepSeek-
R1 (DeepSeek-Al, 2025) as an LLM judge, yield-
ing the final 62:38 FP:FN balanced pair set used
for DPO training at 5=0.3.

Rejudged Sonnet Judging Prompt. Each train-
ing example was evaluated using the following
prompt, submitted to Claude 3.5 Sonnet. Reason-
ing for each example was first generated by GPT
OSS 120B Nitro; the judging prompt below was
then used to assess whether the generated reasoning
supported the original gold label.

You are auditing generated
— rationale data for political
polarization training.
Task: Decide if this sample is
— acceptable for training data.
Acceptable means:
1. Reasoning is coherent and
— supports the final label.
2. Final Answer is 0 or 1 and
— matches GOLD_LABEL.
3. Required structure is present:
— Input, Reasoning,
Final Answer.
4. Reasoning includes these slots
— 1n substance:
* Target referenced
x Claim type
* Manifestations present (6
— fields)
* Decision basis
5. Claim type should be one of:
« factual description /
moral Jjudgment / evaluative
< opinion / call to action /
other
Important:
* Do NOT fail only for minor
— formatting issues (e.g., one
newline instead of two before
<« Final Answer).
* Focus on semantic correctness
— and training usefulness.
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Return strict JSON only with
— exactly keys:

\{"valid": bool, "confidence":

-~ 1-5, "errors":

. ["error_code"],
"notes": "short"\}
Allowed error codes:

—~ missing_section,

—~ missing_slot,
invalid_claim_type,

— invalid_label,

< label mismatch,
contradictory_reasoning,
-~ weak_decision_basis,
format_violation

INPUT_TEXT: \{input_text\}
GOLD_LABEL: \{gold_labell\}

GENERATED_SAMPLE:
< \{generated_sample\}

Examples were retained in the rejudged set
only when Claude 3.5 Sonnet returned "valid":

true.
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