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Abstract

Neutralizing hyperpartisan content is essential
for mitigating online polarization, yet research
has largely focused on English. We present
Par-ITA, a curated subset from Semeval 2023
task 3, consisting in the first human-supervised
parallel corpus for Italian hyperpartisan neutral-
ization of 2,475 paragraph pairs. The dataset
is constructed using a rigorous three-stage
pipeline: (1) expert-led preliminary selection of
LLMs for high-quality generation, (2) human-
supervised data production with high editing
rates (32-68%), and (3) post-hoc human vali-
dation. We establish extensive benchmarks for
this task across seq2seq and decoder-only archi-
tectures, evaluating standard fine-tuning, Direct
Preference Optimization (DPO), and in-context
learning. Our analysis highlights that while
DPO effectively maximizes neutrality scores
in seq2seq models, automated evaluators like
GPT-40-mini exhibit systematic biases, specifi-
cally over-penalizing sensitive political topics
compared to human experts. Par-ITA provides
a foundational resource for non-English neu-
tralization and a reproducible framework for
developing high-quality datasets in subjective
domains.

1 Introduction

The spread of hyperpartisan content threatens
democratic societies by polarizing public debate
(Briiggemann and Meyer, 2023). This is particu-
larly acute in discussions on immigration and cli-
mate change, where biased framing shapes pub-
lic opinion and deepens social divisions (Marino
et al., 2024; Iannelli et al., 2021). Hyperpartisan
news reinforces echo chambers through emotional
language and extreme viewpoints (Ross Arguedas
et al., 2022). Despite its impact, research gaps re-
main: most datasets are English-centric (Maggini
et al., 2025¢), and work on debiasing hyperpartisan
content in low-resource languages like Italian is
scarce. While studies exist for general sentence

debiasing (Pryzant et al., 2020) or text detoxifica-
tion (Logacheva et al., 2022), none address Italian
hyperpartisan neutralization. To bridge this gap,
we introduce PAR-ITA, a parallel corpus of 2,475
Italian paragraph pairs for hyperpartisan neutral-
ization entirely curated by humans. We develop
the dataset through a rigorous three-stage pipeline
(Figure 1): (1) Preliminary Selection: evaluating
open-source LLMs across syntax (SY) and seman-
tics (SE) to identify the most reliable generator; (2)
Supervised Generation: using the selected model
to generate neutralized and hyperpartisan variants
with human-in-the-loop editing; and (3) Post-hoc
Validation: verifying LLMs neutralization capabil-
ities via expert evaluation. Throughout this process,
we also assess the viability of GPT-40-mini as an
automated judge during the three-steps annotation
pipeline (prompts are available in Appendix F.1).
We establish comprehensive benchmarks for Ital-
ian neutralization, evaluating both seq2seq archi-
tectures (e.g., ITS, BART) and LLMs. Our exper-
iments compare standard fine-tuning (FT), Direct
Preference Optimization (DPO) (Rafailov et al.,
2024), and In-Context Learning (ICL). Our human
evaluation protocol assesses both linguistic qual-
ity and the alignment between human judgments
and automated metrics. Our main contributions
are: (i) PAR-ITA, the first parallel corpus for Ital-
ian hyperpartisan neutralization; (ii) a three-stage
annotation methodology integrating preliminary
selection, human-supervised generation, and post-
hoc validation; and (iii) a systematic benchmark
of training strategies (FT, DPO, ICL) providing
insights into architecture-specific trade-offs. Our
files are publicly available'

'The SemEval 2023 Task 3 dataset is available at https:
//propaganda.math.unipd.it/semeval2023task3/.
Due to copyright restrictions and the Terms of Ser-
vice of the original news outlets, our neutralized ver-
sions are available upon request for research purposes
only. Our code is available at https://github.com/
MichJoM/italian-hyperpartisan-neutralization/
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Stage 1: Preliminary Stage 2: Generations Stage 3: Post-hoc
Scope Select best LLM Scope Eval of Qwen and Scope Model Validation
Models Qwen, Llama, Mistral > human editing >| Models  All FT and ICL
Metrics SE, SY, Task Acc., Models Qwen Metrics  1-5 points

Error Taxonomy Metrics  Task Acc., Bias, validation scale
Sample 150 para x 4 tasks Editing Sample 50 samples per model
X n models Sample Entire dataset

Figure 1: The three-stage annotation and evaluation pipeline.

2 Related Work

Neutralization of Biased Texts Text debias-
ing and neutralization strategies range from fine-
grained classification (Maggini et al., 2025a) and
counter-example generation (Sermsri and Pan-
boonyuen, 2025) to reinforcement learning us-
ing embedding or classifier rewards (Liu et al.,
2021a,b). Recently, LLM-based approaches have
dominated the field (Fernandez et al., 2024; Ju-
vino Santos et al., 2025; Dale et al., 2021; Sermsri
and Panboonyuen, 2025). Political neutralization
is closely related to Text-Style Transfer (TST),
typically involving word removal or synonym re-
placement (De Ruvo et al., 2025). However, po-
litical discourse involves complex linguistic lay-
ers—including semantics, syntax, and pragmat-
ics (Maggini et al., 2025a)—and rhetorical strate-
gies like irony or cherry-picking (Maggini et al.,
2025b; de Ledn et al., 2024). Despite progress in
detoxification and depolarization (Toshevska and
Gievska, 2025; Dementieva et al., 2024b), the task
is hindered by resource scarcity. Existing paral-
lel datasets include the Wiki Neutrality Corpus
(Pryzant et al., 2020), PARADETOX for detoxification
(Logacheva et al., 2022), and Reddit-based offen-
sive language corpora (Atwell et al., 2022). While
multilingual efforts like MultiParaDetox (Demen-
tieva et al., 2024a) aim to automate collection,
Italian remains under-represented. Aside from
DETOXIFY-IT for toxic comments (De Ruvo et al.,
2025), Par-ITA is the first humanly curated parallel
corpus for Italian hyperpartisan neutralization.

LLMs as Annotators In political science, LLMs
are increasingly used to scale supervised machine
learning while reducing human labeling costs (Ho-
rych et al., 2025; Stromer-Galley et al., 2025).
Tornberg (2024) found that LLMs can outperform
experts in classifying political affiliations across
11 languages, though performance may be inflated

tree/master.

by data leakage (Sainz et al., 2023). Nevertheless,
GPT-4 still struggles with complex ideological de-
tection and long-form articles, particularly in non-
English contexts (Heseltine and von Hohenberg,
2024). Furthermore, deployment choices can intro-
duce systematic biases or inaccuracies (Baumann
et al., 2025), suggesting that integrating sociode-
mographic details may be necessary to improve
performance in interpretive NLP tasks (Beck et al.,
2024).

3 Dataset Construction

3.1 Data Collection and Preparation

In order to build a hyperpartisan parallel corpus,
we selected Semeval 2023 task 3 dataset (Piskorski
et al., 2023) tailored for detecting the category, the
framing, and the persuasion techniques in online
news in a multilingual setup.

3.2 Annotation Protocol

After filtering Italian data from the corpus, two na-
tive speakers (a Ph.D. student in Disinformation
and an expert journalist) annotated paragraphs as
hyperpartisan or neutral. Hyperpartisanship indi-
cates one-sided or ideologically extreme views ex-
pressed through irony, sarcasm, framing bias, or
cherry-picking. The annotation process involved
training on guidelines, pilot annotations, and inter-
active sessions to refine edge cases. Independent
annotation achieved 0.85 Cohen’s x, with disagree-
ments resolved through discussion and third-party
mediation, yielding perfect final agreement on 825
hyperpartisan paragraphs. The entire process re-
quired around 300 hours across three custom web
interfaces (see Figures 7, 8, 9 in Appendix A.2).

3.3 Three-Stage Annotation Pipeline

Figure 1 illustrates our three-stage approach: (1)
preliminary LLLM selection, (2) full dataset gen-
eration with human supervision, and (3) post-hoc
mode] validation.
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Type Task TextITA Text ENG

HP O L’Italia si barcamena con Di Maio. .. Italy is muddling through with Di Maio. ..

HP Rep I'ltalia cammina sul filo del rasoio con Di Maio...  Italy is walking on the razor’s edge with Di Maio...

HP Per I’Italia naviga a vista con Di Maio. .. Italy is navigating by sight with Di Maio. ..

N Rew  L’ltalia fatica a gestire la situazione con Di Maio. Italy is struggling to manage the situation with Di Maio.

Table 1: Examples of model-generated and human-supervised neutral rewrites for hyperpartisan input phrases. O:
original text, Rep: Rephrased, Per: Perturbed, Rew: Rewritten

3.3.1 Stage 1: Preliminary LLM Selection

To select the optimal model for data augmenta-
tion, we evaluated three LLMs: Mistral-Nemo-
2407 (Mistral, 2024), Llama-3.1-8b-Instruct (Tou-
vron et al., 2023), and Qwen?2.5-14B-Instruct (Yang
et al., 2025), chosen for their open availability
and balanced efficiency. These models generated
three variants per paragraph via backtranslation
(ita—eng—ita): one neutralized (Rewritten) and
two hyperpartisan versions (Rephrased with syn-
onym substitution, Perturbed focusing on changing
only loaded language and rhetoric).

Evaluation Protocol Annotators independently
assessed 150 sampled paragraphs on 3-point scales
for SY (1: Major Errors, 2: Minor Errors, 3:
Correct) and SE (1: Poor Preservation, 2: Par-
tial Preservation, 3: Full Preservation), plus bi-
nary neutrality classification. We applied a multi-
dimensional error taxonomy (Appendix A.3) cat-
egorizing failures in neutralization, factuality, flu-
ency, and structure. Additionally, GPT-40-mini
served as an automated judge being prompted with
the guidelines and the taxonomy.

Results Human annotators achieved high agree-
ment (Table 2): Krippendorff’s a of 0.890 (SY),
0.863 (SE), and 0.815 (Neutrality). Model perfor-
mance varied significantly (for more details see Ap-
pendix A.4). Llama-3.1-8b-Instruct excelled in SY
for paraphrasing tasks (2.88 Rephrased, 2.54 Per-
turbed) but frequently generated English text, yield-
ing poor semantic scores. Mistral-Nemo-Instruct-
2407 struggled with neutralization, retaining hyper-
partisan cues in 70% of outputs. Qwen-2.5-14B-
Instruct demonstrated consistent quality across all
tasks (Rewritten: 2.90 SY, 2.73 SE) with only 13%
neutralization failures, achieving the following hu-
man alignment (Cohen’s x = 0.801, MCC = 0.806).

GPT-40-mini as Judge GPT-40-mini showed
moderate correlation with human consensus on
quality scores (Figure 2), particularly diverging
on Rewritten texts where humans assigned higher

« Kw r p Ke MCC
Syntax 890 .890 .891 .902 - -
Semantics 863 .863 .865 .871 - -
Neutrality 815 815 815 812 - -
Best Model - - - - 871 -
Llama Rew. - - - - 834  .840
Mistral Rew. - - - - 762 764
Qwen Rew. - - - - .801 .806

Table 2: Inter-annotator agreement for human experts
and model-human alignment on neutrality classification.
a: Krippendorff’s «, x,,: weighted Cohen’s &, r: Pear-
son correlation, p: Spearman correlation, k.: Cohen’s
x, MCC: Matthews Correlation Coefficient.
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Human Consensus Score

Figure 2: Correlation between human consensus and
GPT-40-mini scores (averaged SY and SE).

ratings. Considering the agreement between hu-
mans and GPT on the neutralization task (Figure
3), it ranged from poor to fair (Cohen’s x: -0.039
to 0.454), with systematic over-classification of
hyperpartisanship on sensitive topics (COVID, im-
migration, climate change). This aligns with docu-
mented "safety over-refusal" in RLHF-tuned mod-
els (Rottger et al., 2024; Santurkar et al., 2023),
which rely on lexical triggers rather than nuanced
framing analysis.

Justification for LLM-Based Data Generation.
While comprehensive benchmarking (Section 4)
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Figure 3: Cohen’s k between human experts and GPT-
4o0-mini on binary label for the Rewritten task across
models.

reveals seq2seq models achieve superior perfor-
mance, we selected Qwen-2.5-14B-Instruct for
data generation based on Stage 1 evaluation com-
paring only LLMs. This decision reflects three con-
siderations: (1) Stage 1 established Qwen as best
among LLMs for generation quality and human
alignment; (2) High editing rates (32-68%, Table
3) mean final quality depends on expert supervi-
sion rather than raw model output: Levenshtein
distances of 25-32% confirm substantial human
refinement; (3) At experimentation time, we prior-
itized selecting a versatile model capable of both
neutralization and bias amplification tasks.

3.3.2 Stage 2: Full Dataset Generation with
Human Supervision

Based on Stage 1 results, we selected Qwen-2.5-
14B-Instruct to generate variants for all 825 hyper-
partisan paragraphs. At the time of experimenta-
tion, we wanted to assess the capabilities of the
selected model to accomplish the task and use
it as a tool to speed up the writing process for
the data augmentation. Annotators evaluated each
output using a 3-level task accomplishment scale
(No/Partially/Yes) and performed necessary editing.
Indeed, Qwen successfully generated hyperparti-
san variants in most cases (Table 3), but achieved
only 44.4% complete success on Rewritten. Con-
sequently, annotators edited 32.8% of Rephrased
texts, 41.9% of Perturbed texts, and 67.8% of
Rewritten texts, with Avg. Levenshtein distances
of 29%, 25%, and 32% respectively. Failed gen-
erations were collaboratively rewritten to ensure
corpus quality.

Task Edited Lev. N P Y
Rephrased 32.8% 29% 124% 11.6% 76.0%
Perturbed 419% 25% 17.5% 8.1% 74.4%
Rewritten 67.8% 32% 27.9% 27.8% 44.4%

Table 3: Generation quality. Lev.: Avg. Levenshtein
distance from original text. N: No, P: Partially, Y:Yes.

Human-GPT Agreement on Qwen’s Rewrit-
ten Task For Rewritten texts, human annota-
tors achieved substantial agreement (Cohen’s x =
0.694), while GPT-40-mini agreement remained
fair (k = 0.302-0.454), confirming its tendency to
over-classify contentious topics as hyperpartisan
regardless of actual framing bias.

Common Error Patterns Rephrased: Difficulty
replacing neologisms and managing noisy elements
(calls-to-action, malformed punctuation). Per-
turbed: While successfully amplifying bias mark-
ers, the model occasionally introduced grammatical
errors, nonsense neologisms, or output placeholder
text instead of content. Rewritten: Most failures
involved incomplete neutralization (residual loaded
terms, preserved biased framing) or difficulty de-
tecting subtle irony. To preserve semantic mean-
ing, we avoided complete context removal except
when sentences contained only insults or slurs, pri-
oritizing reduction of loaded language over topic
elimination. Additional analysis on the generated
vs. edited texts can be found in Appendix B.

The final corpus comprises 1,986 training pairs
and 489 test pairs (see Table 4), ensuring high-
quality parallel data for neutralization tasks.

Metric Train Test  Total
# Pairs 1,986 489 2475
# Unique Originals 662 163 825
Avg. input chars 365.7 3775 368.0
Avg. input words 553 572 55.6
Avg. output chars 352.9 402.0 362.6
Avg. output words 513 592 52.9
Vocabulary size 15,639 6,760 18,032

Table 4: Statistics of the human-curated Par-ITA corpus.

3.3.3 Stage 3: Post-hoc Model Validation

Following model training, we conducted human
evaluation to assess generation quality beyond au-
tomated metrics. Two expert annotators indepen-
dently rated 50 randomly sampled outputs per
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Figure 4: Inter-annotator agreement (Cohen’s k) be-
tween humansacross evaluated LLMs. Higher values
indicate more consistent human judgments. Phi-3.5 has
not been included in the plot since the agreement was
perfect because the model outputted no-sense text.

model on a 5-point scale (Figure 13), evaluating
both neutralization success and semantic preser-
vation. GPT-4o0-mini provided parallel judgments
while being prompted with the task and the taxon-
omy.

Inter-Annotator Agreement on LLLMs Gener-
ations Post-Hoc Human annotators achieved
substantial-to-strong agreement across models (Fig-
ure 4), with Cohen’s x ranging from 0.459 (gemma-
3-27b) to 0.763 (llama-3.2-3b). Higher agree-
ment on models like llama-3.2-3b (xk=0.763) and
qwen-25-72b (k=0.719) suggests these models pro-
duce more consistent, interpretable outputs. Lower
agreement on larger models like gemma-3-27b
and apertus-70b indicates greater output variabil-
ity (e.g.: instructions partially followed, repeated
outputs).

Human vs. GPT-40-mini Rating Alignment
Figure 13 in Appendix D reveals systematic differ-
ences in rating patterns. GPT-40-mini consistently
assigned higher scores (concentrated in ratings 3-5),
while human annotators distributed ratings more
evenly, particularly using lower scores (1-2) to pe-
nalize subtle neutralization failures, semantic drift,
or hallucinations. This pattern confirms GPT-4o-
mini’s tendency toward leniency and insufficient
sensitivity to residual bias or factual inconsisten-
cies that humans readily detect.

Implications for Automated Evaluation These
findings reinforce conclusions from earlier stages:
while GPT-40-mini provides useful signal for high-
level quality assessment, it cannot replace human
judgment for nuanced neutralization tasks. The
divergence between high automated semantic sim-

ilarity scores (see Appendix B) and lower human
ratings highlights that lexical/embedding similarity
does not capture subtle hyperpartisan cues, fram-
ing bias, or hallucinated content. We therefore
prioritize human evaluation as the gold standard
for model comparison.

4 Benchmark Experiments: Setup and
Results

4.1 Models

Our experimental setup combines various seq2seq
models in both base and large sizes: BART
(Lewis et al., 2020), IT5 (Sarti and Nissim,
2024), FLAN-TS, (Chung et al., 2024), and mT5
(Xue et al., 2021); and instructed LLMs loaded
through unsloth library: Gemma-3-4b-it (Team
et al., 2025), Phi-3.5-mini-instruct (Abdin et al.,
2024), Qwen2.5-3b-instruct, Mistral-7b-it-v0.3,
Llama-3.2-3b-instruct/-3.1-8b-instruct, and with
vllm: Apertus-70B-2509 (Apertus et al., 2025),
Gemma-3-27b-Instruct/-2.5-72B-Instruct, Qwen-3-
30B-Instruct.

4.2 Guided SFT Classifier

In this approach, we augment standard maximum
likelihood estimation (MLE) with an auxiliary loss
derived from a fine-tuned binary neutrality classi-
fier for italian hyperpartisan paragraph detection
on Maggini et al. (2025a)’s dataset, consisting of
1,010 paragraphs. During training, the seq2seq
model generates outputs via standard teacher forc-
ing, which are then periodically (every n steps)
decoded to text and scored by the frozen classi-
fier. The classifier produces neutrality probabilities
Pneutral TOr each generated sequence, which we con-
vert into a guidance loss term:

ey

where 7 is a target neutrality rate and A is a weight-
ing coefficient. The total training objective then
becomes:

Cguide =A- maX<07 T — pneutral)

Liotal = LMLE + Lguide- (2)

4.3 DPO

Since for each task we had a preferred and optimal
variant, the direct and valid output of Qwen, or
the human rewritten version, and a underoptimal
one, namely the failed generation or a corrupted
version of it, we crafted a DPO dataset, too. We
prioritized the human edited texts as the preferred
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version. While when we kept the Qwen’s gener-
ated text as the preferred option, we corrupted it to
generate the suboptimal choice with the following
methods: (¢) swapping the order of the words, (i)
inserting loaded adverbs like "ovviamente", "in-
credibilmente", (¢2¢) random truncation, (7v) word
repetition, (v) random masking and (v) random

word deletion.

4.4 Seq2Seq Model Results

We evaluate four seq2seq model families, ITS,
mT5, FLAN-TS, and BART-IT across three train-
ing configurations: standard supervised fine-tuning
(SFT), classifier-guided fine-tuning (SFT-CLASS),
and Direct Preference Optimization (DPO). Table 5
presents comprehensive results across all metrics
(further analysis is available in Appendix E).

Training Configuration Analysis. We observe
three distinct patterns. Firstly, SFT provides bal-
anced performance with high semantic preservation
(SBERT¢.gen > 0.83) but moderate BLEU scores
(14-19). Moreover, SFT-CLASS marginally im-
proves neutrality (+2-5%) at slight cost to fluency
(-1-3% BLEU), confirming that classifier-guided
decoding offers modest but consistent neutrality
gains. Lastly, DPO achieves the highest BLEU
scores (+23% average improvement) but with vari-
able neutrality outcomes.

DPO Performance. DPO significantly improves
generation quality for seq2seq models. BART-base
DPO achieves 29.1 BLEU—the highest across all
configurations—while FLAN-T5-large DPO main-
tains both high quality (24.1 BLEU) and accept-
able neutrality (0.73). However, DPO shows higher
variance in neutrality outcomes: while some mod-
els maintain high neutrality (IT5-large DPO: 0.73,
mT5-base DPO: 0.72), others exhibit significant
degradation (BART-base DPO: 0.13).

Model Family Comparison. Among model fam-
ilies, FLAN-T5 demonstrates the most consistent
performance across all configurations, benefiting
from its instruction-tuning pretraining. BART-IT
achieves the highest peak BLEU but with unstable
neutrality. mT5 provides a balanced middle ground.
ITS shows the weakest overall performance de-
spite being Italian-native: IT5-base achieves only
11.9-12.2 BLEU with lower neutrality (0.52-0.53),
while IT5-1arge performs slightly better (13.6-13.7
BLEU). This suggests that domain-specific pre-
training does not guarantee task-specific perfor-

mance, and cross-lingual models (mT5, FLAN-TS)
may better generalize to the neutralization task.

Semantic Preservation. The SBERT.gen met-
ric reveals an important trade-off: SFT models
preserve source semantics best (0.83-0.91), while
DPO models show moderate semantic drift (0.62—
0.75). This suggests that preference optimization
encourages more extensive rewriting, which in-
creases BLEU but may alter original meaning be-
yond neutralization requirements.

4.5 LLM Results

We evaluate 11 LLMs across two configurations:
zero-shot prompting for large models (27B—72B
parameters) and supervised fine-tuning (FT) using
LoRA and unsloth for smaller models (3B—-8B).
See Section F for detailed configuration descrip-
tions. Table 6 summarizes performance across both
automatic metrics and human evaluation.

Zero-shot Performance LLMs demonstrate
zero-shot neutralization capabilities, achieving
near-perfect neutrality rates (0.94—1.00) with sim-
ple prompting, at least according to our classi-
fier. Qwen2.5-72B leads in automatic metrics with
12.8 BLEU, followed by Qwen3-30B (9.4) and
Gemma3-27B (8.1). However, human evaluation
reveals a different picture: Gemma3-27B ranks
highest (3.96/5) despite lower BLEU, suggesting
qualitative factors beyond surface-level similarity
matter for perceived neutralization quality.

Fine-tuning Fine-tuning smaller models (3B-
8B) with LoRA and unsloth substantially im-
proves alignment with reference neutralizations.
Llama3.1-8B FT achieves the highest BLEU (16.6)
and maintains excellent neutrality (0.92), represent-
ing a +29% improvement over the best zero-shot
model in BLEU. Mistral-7B FT performs compa-
rably (16.3 BLEU, 0.91 neutrality) and achieves
the best human rating among FT models (3.24/5).
The fine-tuning process improves both fluency met-
rics and semantic preservation (SBERT;c_gen: 0.70—
0.76) while incurring only modest neutrality degra-
dation (-8% average vs. zero-shot).

Notable Failure Case. Phi3.5-Mini FT repre-
sents a complete failure case, producing incoherent
outputs with near-zero BLEU (0.3) and negligible
neutrality (0.03). All 50 human annotated sam-
ples received the lowest possible rating (1/5). This
failure is attributed to the model’s limited capac-
ity and potential instruction-following limitations,
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Model Config BLEU ROUGE-L BERTScore Neutrality SBERT g n SBERTeq et
IT5-base SFT 11.9 0.32 0.74 0.52 0.83 0.69
SFT-CLASS 12.2 0.32 0.74 0.53 0.83 0.69
DPO 14.0 0.39 0.35 0.57 0.62 0.64
IT5-large SFT 13.7 0.33 0.35 0.59 0.83 0.70
SFT-CLASS 13.6 0.34 0.35 0.62 0.84 0.70
DPO 4.3 0.15 -0.01 0.73 0.55 0.43
mT5-base SFT 143 0.34 0.39 0.72 0.85 0.70
SFT-CLASS 14.5 0.34 0.39 0.71 0.86 0.70
DPO 23.0 0.39 0.41 0.72 0.72 0.68
mT5-large SFT 14.9 0.35 0.41 0.67 0.88 0.72
SFT-CLASS 15.8 0.36 0.41 0.69 0.88 0.72
DPO 21.1 0.37 0.36 0.57 0.75 0.69
FLAN-T5-base ~ SFT 18.4 0.38 0.42 0.83 0.91 0.73
SFT-CLASS 17.5 0.44 0.26 0.85 0.79 0.63
DPO 227 0.38 0.41 0.71 0.68 0.65
FLAN-T5-large  SFT 19.3 0.38 0.43 0.81 0.91 0.73
SFT-CLASS 18.8 0.38 0.43 0.79 0.90 0.74
DPO 24.1 0.43 0.47 0.73 0.69 0.73
BART-base SFT 18.1 0.37 0.73 0.33 0.80 0.62
SFT-CLASS 16.4 0.36 0.20 0.73 0.81 0.62
DPO 29.1 0.44 0.44 0.13 0.75 0.73
BART-large SFT 18.1 0.37 0.40 0.75 0.91 0.72
SFT-CLASS 18.0 0.38 0.44 0.85 0.92 0.75
DPO 24.0 0.39 0.45 0.36 0.62 0.70

Table 5: Seq2seq model performance on Par-ITA test set. Best values per column are bolded. SBERT ;. ¢o, measures
semantic preservation from source (how much the model preserved the original meaning); SBERT g rer measures
alignment with neutral reference (how close the model’s output is to the human-written neutral gold standard).
Neutrality is measured by our fine-tuned BERT classifier.

making it unsuitable for the neutralization task.
Based on our comprehensive evaluation combining
automatic metrics and human judgment: Gemma3-
27B 0-shot is the best overall according to hu-
man preference, Mistral-7B FT or Llama3.1-8B
FT (high BLEU >16, 0.91-0.92 neutrality, 3.2/5
human) provided the highest quality-neutrality bal-
ance, while Qwen2.5-72B 0-shot (12.8 BLEU, 0.94
neutrality) though ranked 6th by humans scored the
highest automatic metrics.

4.6 Human Evaluation and Metric Alignment

To validate automatic metrics and gain deeper in-
sight into model behavior, we conducted human
evaluation on a stratified sample of 50 examples
across all 11 LLLM configurations. This section an-
alyzes the correlation between human judgments
and automatic metrics, revealing both alignment
and notable discrepancies.

Correlation Analysis Table 7 shows that se-
mantic similarity best predicts human judgment:
SBERT e ref achieves the strongest correlation
(r = 0.84), suggesting humans value outputs that
closely match reference neutralizations. Overlap
metrics like ROUGE-L (r 0.82) and BLEU

(r = 0.75) show strong linear correlation with hu-
man ratings, validating their use as primary evalua-
tion metrics. Conversely, neutrality rate is weakly
aligned. Indeed, despite being the target objec-
tive, automatic neutrality classification shows only
moderate correlation (r 0.70) and poor rank
correlation (p 0.35, p = 0.30). However,
when comparing automatic neutrality rates with
human preferences, models achieve near-perfect
neutrality (>0.98) but receive mediocre human
ratings (see Table 8). The manual inspection of
low-rated zero-shot outputs reveals several failure
modes that the neutrality classifier does not capture:
Over-neutralization: Models like Apertus-70B
and Llama3.3-70B sometimes remove too much
content, producing outputs that are technically neu-
tral but lack the informational substance of the orig-
inal. Generic phrasing: Zero-shot models often
produce safe but uninformative rewrites that avoid
partisan language by avoiding specificity entirely.
Language quality issues: Some models (partic-
ularly Apertus-70B) generated the same neutral
paragraph multiple time, which annotators penal-
ized heavily. Gemma3-27B succeeds at zero-shot
neutralization, achieving both high neutrality (1.00)
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Model Config BLEU ROUGE-L BERTScore Neutrality SBERT; .o Human Rank
Large Models (0-shot prompting)

Gemma3-27B  0-shot 8.1 0.25 0.34 1.00 0.62 3.96+1.56 1
Qwen3-30B 0-shot 9.4 0.26 0.33 0.98 0.63 3.42+1.69 2
Qwen2.5-72B  0-shot 12.8 0.31 0.34 0.94 0.68 3.10£1.61 6
Llama3.3-70B  0-shot 6.8 0.18 0.23 0.98 0.60 2.524+1.73 9
Apertus-70B 0-shot 1.5 0.06 0.01 0.99 0.51 1.64+1.21 10
Small Models (LoRA Fine-tuned)

Mistral-7B FT 16.3 0.37 0.48 0.91 0.76 3.24£1.59 3
Llama3.1-8B FT 16.6 0.38 0.48 0.92 0.76 3.20+1.54 4
Llama3.2-3B FT 13.3 0.33 0.42 0.91 0.72 3.10£1.56 5
Gemma3-4B FT 11.0 0.26 —0.16 0.89 0.56 3.00+1.60 7
Qwen2.5-3B FT 10.8 0.29 0.39 0.92 0.70 2.844+1.43 8
Phi3.5-Mini FT 0.3 0.03 —0.33 0.03 0.25 1.00£0.00 11

Table 6: LLM performance on Par-ITA test set. Human column shows mean4std human ratings (1-5 scale, n=50
per model). Rank is determined by human evaluation. Best values per column within each configuration group are

bolded. Phi3.5-Mini produces degenerate outputs.

Metric Pearson r p Spearman p p

SBERT gen-ref +0.84 .001 +0.61 .048
ROUGE-L +0.82 .002 +0.53 .091
SBERTc-gen +0.79 .004 +0.59 .055
BLEU +0.75 .008 +0.54 .085
BERTScore +0.75 .009 +0.57 .065
Neutrality +0.70 .016 +0.35 299

Table 7: Correlation between mean human ratings and
automatic metrics across 11 LLM configurations. All
Pearson correlations are significant at p < 0.02. Phi3.5-
Mini was excluded from the correlation computation
due to the degenerate outputs.

Model Neutrality Human Gap

Gemma3-27B 1.00 3.96 aligned
Llama3.3-70B 0.98 2.52 —1.44
Apertus-70B 0.99 1.64 —2.32

Table 8: Discrepancy between neutrality rate and human
rating for selected 0-shot models.

and the highest human rating (3.96/5). Analysis
suggests Gemma3’s instruction-following training
and multilingual capabilities enable more nuanced
rewrites that preserve content while removing bias.

4.7 Implications for Metric Selection

Our analysis suggests the following hierarchy for
metric reliability in predicting human preferences:
Best predictors: SBERT e, ref, ROUGE-L (strong
linear and rank correlation); Good predictors:
BLEU, BERTScore, SBERTc.gen (strong linear,
moderate rank); Weak predictor: Neutrality rate
alone (confounded by over-neutralization). For
practical evaluation, we recommend using BLEU
+ Neutrality jointly, as high performance on both

Metric Value
Cohen’s x (unweighted) 0.69
Cohen’s k (quadratic weighted)  0.71
Krippendorff’s a 0.51
Pearson r 0.71
Spearman p 0.72
Mean Absolute Error 0.57

Table 9: Inter-annotator agreement between human an-
notator and GPT-40-mini on LLM output evaluation
(1-5 rating scale).

metrics is required for human acceptance. Models
achieving >10 BLEU and >0.90 neutrality consis-
tently receive human ratings >3.0/5.

Human vs. GPT-40-mini Agreement on LL.Ms
Post-Hoc Evaluation We also collected GPT-4o-
mini ratings for all samples to assess LLM-as-judge
reliability, which we found being substantial. Ta-
ble 9 presents inter-annotator agreement metrics
between human and GPT-40-mini annotations.

5 Conclusions and Future Work

This study introduces Par-ITA, the first human-
curated dataset for italian hyperpartisan neutral-
ization. Our work establishes a high-quality bench-
mark and demonstrates that FT and DPO enhance
the ability of both seq2seq and LLM architectures
to mitigate bias. However, our evaluation also re-
veals a significant gap between automated metrics
and human judgment, particularly regarding the
preservation of semantic nuances in complex polit-
ical discourse. We further demonstrate that while
small LL.M-as-a-judge frameworks provide a scal-
able alternative to human annotation, they remain
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susceptible to safety-driven over-refusals on contro-
versial topics. We plan to extend DPO with LLMs.

6 Limitations

Despite the contributions of this work, several lim-
itations remain. Domain Specificity: PAR-ITA
focuses primarily on the domains of migration and
climate change. Despite international organizations
and institutions being cited, the main perspective
of the news is from an italian point of view. While
these are critical areas of hyperpartisanship in Italy,
the linguistic strategies for neutralization may dif-
fer in other domains like healthcare or economics
and countries. Language Constraint: Our study
is limited to the Italian language. Although our
three-stage methodology is transferable, the spe-
cific findings regarding model performance (e.g.,
the superiority of Qwen over Llama for Italian) may
not generalize to other low-resource or Romance
languages. Metric Sensitivity: automated metrics
like BLEU and Neutrality scores do not fully cap-
ture the qualitative nuances of human preference.
Our post-hoc human evaluation was conducted on
a subset of the data (50 samples per model), which,
while standard for the field, limits the statistical
power of some qualitative comparisons. LLM-as-
a-Judge Bias: For budget constraint we limited our
experiment to GPT-40-mini and open models. We
also found that GPT-40-mini exhibits systematic
biases when evaluating sensitive political topics.
Relying solely on automated judges for this task
remains risky without human oversight. Model
Scale Constraints: Our largest fine-tuned model
was 8B parameters due to GPU memory constraints.
Models >27B were evaluated only zero-shot, pre-
venting fair comparison across all configurations.
Future work with distributed training infrastruc-
ture could assess whether fine-tuning larger mod-
els closes the performance gap. Dataset Size: At
2,475 pairs, Par-ITA is relatively small compared
to English resources (WNC: 180K pairs). While
our high-quality human supervision ensures reli-
ability, model performance might improve with
larger training sets, particularly for data-hungry
transformer architectures.

Ethical Statement

The development of neutralization tools carries in-
herent ethical risks. Dual Use: While our goal is to
reduce polarization, the same techniques could the-
oretically be inverted to "partisan-ize" neutral text

or to sanitize extremist rhetoric in a way that makes
it more palatable to a mainstream audience. We
release our dataset under a license that encourages
research into transparency and depolarization. This
paper presents a neutralization task intended as an
invitation to journalists to adopt a professional lan-
guage aligned with their deontology, we absolutely
do not promote the misleading usage of this dataset
to foster polarization or censorship. Annotator
Well-being: Our annotators were exposed to hy-
perpartisan and potentially inflammatory content
regarding migration and climate change. To miti-
gate harm, we utilized expert annotators who were
briefed on the nature of the content, and we en-
sured the annotation sessions were structured to
avoid fatigue and emotional distress. Algorithmic
Bias: Neutralization is a subjective task. What one
observer considers "neutral," another may consider
"biased toward the center." We have addressed this
by using a multi-stage validation process and pro-
viding a clear error taxonomy, but we acknowledge
that our models may still reflect the subjective view-
points of the experts involved in the supervision
process. Environmental Impact: Training and
fine-tuning the LLMs (ranging from 1B to 70B
parameters) used in this study involves significant
computational resources and carbon footprint. We
have mitigated this by using parameter-efficient
fine-tuning (PEFT) where possible and utilizing
pre-trained open-source weights.
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A Annotation and Dataset Details

A.1 Dataset Statistics

Figure 5 shows the token length and the TTR for
each task. The token length remained almost the
same across the task, while the Token Type Ra-
tio (TTR) increased in the text variants, showing
higher variability because the editing introduced
different types of the tokens.

The dataset presents the following topic shown
in Figure 6: Ukraine War, Immigration, Italian and
European Politics, Health. The dataset has been
split into 80%/20% for train and test with stratified
sampling on the topics.

A.2 Custom Platforms

All the annotations except for the application of
the Error Taxonomy with 1-5 point scales, have
been conducted with Custom Platforms created
with Claude Opus, ensuring they fit our guidelines
and annotation scopes. The first platform, used
to validate the best LLM for generation, masked
model names to avoid source bias. The second
platform allowed annotators to read and edit the

generated text by Qwen and select the hyperpar-
tisan label. The third platform The final dataset
consists in a parallel corpus of 2,475 pairs of para-
graphs for hyperpartisan neutralization in italian
news articles.

A.3 Error Taxonomy Rewritten Task

Our taxonomy categorizes errors into four primary
dimensions: (1) Neutralization errors, encompass-
ing under-neutralization (biased language retained),
over-neutralization (excessive removal of contex-
tual information), tone shift failures (emotional lan-
guage persists), and framing preservation (biased
narrative structure maintained); (2) Factuality er-
rors, including fact omission (information loss dur-
ing rewriting), fact addition (hallucinated content),
fact distortion (meaning alteration), and entity er-
rors (incorrect references to people, organizations,
or locations); (3) Fluency errors, covering grammat-
ical mistakes, wrong language, coherence issues,
unnatural phrasing, and redundant expressions; and
(4) Structural errors, such as inappropriate length
changes, disrupted information ordering, and in-
complete outputs. We applied this taxonomy to the
outputs of the three LLMs.

A.4 Analysis of SE and SY during
Preliminary Annotation

Figure 10 illustrates that generally all the selected
models for the preliminary generation of the pairs
had consist results for SY (>2.0) (Mean: 2.64)
across all the tasks, while the SE suffers from de-
grading depending on the model (Mean: 2.44).
Particularly, Llama-3.1-8B-instruct received low
scores depending on the task’s complexity. Qwen-
2.5-14B-Instructu obtained the highest scores in
all the categories except for SE Rephrased, outper-
formed by Mistral-Nemo-2407-Instruct.

Analysis Rewritten Task during Preliminary An-
notation Figure 11 shows that Mistral retained
tracks of hyperpartisan language in the outputs 70%
of the times, meaning that was not able to com-
pletely neutralize it, 6% deleted the context, 48%
failed to remove emotional/loaded language, 43%
preserved the framing completely hyperpartisan;
lastly, 7% added facts and 9% provided empty out-
puts. Llama’s performance was quite better com-
pared to Mistral’s but presented the same critical
points. Conversely, Qwen only 13% left cues of
hyperpartisan dialogue in the output and by far,
according to our taxonomy, provided the best re-
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Figure 6: Topic Distribution of unique entries.

Le cose in Ucraina “potrebbero trascinarsi per molto tempo".

Rephrased (meaning-preserving) Rephrased (meaning-preserving)
La situazione in Ucraina potrebbe protrarsi per un periodo La situazione ucraina potrebbe protrarsi a lungo.
prolungato.

Rephrased (meaning-preserving)
La situazione in Ucraina potrebbe protrarsi per un periodo
estremamente lungo.

~0og--0of  -~0o00-—000 — -0o0f-—-000

Perturbed (traits exposed) Perturbed (traits exposed) Perturbed (traits exposed)
La situazione ucraina & un incubo senza fine che si trascinera **La questione ucraina potrebbe protrarsi allinfinito.™ La situazione in Ucraina potrebbe prolungarsi per un'eternita.
per sempre, un disastro completo che & un disastro totale

= 8 EBER=~ 0 D) e £ ERED= 0 EDED) e £ ENER~ 00 EDED)

Rewritten (label flipped) Rewritten (label fipped)
Le cose in Ucraina sono un disastro senza fine che si
trascinera per anni e anni, un incubo senza sogni di pace!

Rewritten (label flipped)

In Ucraina la situazione potrebbe protrarsi per un periodo
estremamente lungo, mettendo in discussione la stabilita e la
Modef's fiipped label: 3.0 sicurezza della regione intera.

Siamo destinati a una guerra infinita in Ucraina.

Modef’s fiipped label: 1.0

' Model's fiipped label: 1.0
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Figure 7: Screenshot of the platform for the preliminary evaluation of the LLMs.
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Entry: ent_L6u7T00XmJ | Sample: undefined

Original: BIAS | Human(R1):? = Tasks to Review: 213

Original Text

1l sogno di una rapida vittoria ucraina, la reiterazione del sogno originale di una rapida vittoria russa, € finito.

J Suggested: BIAS

Your Label:

# AUTO-ACCEPTED - All annotators agree (editable)

Rewritten Text (Label Flip)

Original Generated Text Copy toEdit | “. Edited Text (for re-classification)
La speranza di una rapida vittoria da parte
dell'Ucraina, cosi come quella originariamente G 20
nutrita per una rapida vittoria della Russia, &
svanita.

¥ Suggested: ?

Your Labe
Task Accomplished:

A\ NEEDS REVIEW - BERT and GPT DISAGREE

Rephrased Text (Meaning Preserve)

A\ NEEDS REVIEW - BERT and GPT DISAGREE

Perturbed Text (Trait Exposure)

Original Generated Text 1 Copy 1o

) ., Edited Text (for re-classification)

La speranza di un veloce trionfo ucraino, insieme No edie
alla ripetizione del precedente desiderio di una 8
rapida vittoria russa, & svanita. s

y Suggested: ?

Your Label:
Task Accomplished:

#, Masked Linguistic Traits:

Figurative Speech: *sogno”

Original Generated Text | copy to £dt | . Edited Text (for re-classification)
Lillusione di un rapido trionfo ucraino, l'eco No edited version yet.
insistente della fantasia iniziale di una rapida Chck “Copy t
conquista russa, si & dileguata. 0

¥ Suggested: ?

Your Label:
Task Accomplished:

Figure 8: Screenshot of the platform for the annotation of the Qwen’s generations.
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/" Annotation Tool for Sampled Generations

[ Scegii file jons.json ey

Scala di valutazione (1-5):

1 = Molto di parte, linguaggio fortemente emotivo o carico. Oppure generazione fallita.
2 = Parzialmente di parte, diverse espressioni cariche

3 = Moderatamente neutrale, ma alcune tracce di bias

4 = Principalmente neutrale, linguaggio equilibrato

5 = Completamente neutrale, oggettivo e imparziale

Entry 17 / 50 - ID: 50ad78cd6321604d0203e14d61c55962

' Original Text & Generated Text

In Baviera, Scholz ha proposto un Piano Marshall per I'Ucraina - un'idea Swipe lefi/right or use arrow butt
assurda, considerando che Kiev e le sue zone circostanti potrebbero

trasformarsi in un miserabile avanzo entro la fine del 2022. La convinzione apertus-70b-instruct_source 1/1
di Scholz che il G7 possa operare per prevenire una carestia catastrofica

raggiunge livelli ridicoli, visto che tale carestia & direttamente causata II cancelliere tedesco Olaf Scholz ha proposto un Piano Marshall per
dalleccessiva irrazionale applicazione delle sanzioni da parte del G7. I'Ucraina in Baviera. Questa proposta é stata criticata da alcuni, che

sostengono che le condizioni economiche e politiche in Ucraina
potrebbero peggiorare significativamente entro la fine del 2022,
rendendo difficile I'attuazione di un simile piano. Scholz ha anche
espresso la convinzione che il G7 possa svolgere un ruolo importante
nel prevenire una carestia catastrofica in Ucraina, ma alcuni osservatori
ritengono che le sanzioni imposte dal G7 possano contribuire a questa
situazione.

La tua risposta é:
Il cancelliere tedesco Olaf Scholz ha proposto un Piano Marshall per

I'Ucraina in Baviera. Questa proposta é stata criticata da alcuni, che
sostengono che le condizioni economiche e politiche in Ucraina

Entry # Go to Entry Next Entry = = Save Annotations

Figure 9: Screenshot of the platform for the annotation of the FT and Oshot LLMs generations.
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Figure 10: Syntax and semantic scores across generation tasks for evaluated LLMs.

sults. The extensive comparison illustrate a ierar-
chy amongst the selected models in terms of per-
formance and tasks: Qwen>Llama>Mistral.

del context

framing preserved
tone_shift failure
under neutralization

entity error+ 1.0 2.0 0.0
fact addition{ 5.0 7.0 1.0
fact distortion{ 4.0 3.0 0.0
fact_omission: 12.0 6.0 0.0
coherence: 7.0 1.0
grammatical{ 14.0 13.0 6.0
repetition1 1.0 0.0 0.0
unnatural 7.0 0.0
incomplete 0.0 9.0 0.0
information_ordering; 1.0 1.0 0.0
length mismatchi 4.0 1.0 0.0
Llama Mistral Qwen

Figure 11: Percentage of the error types by LLMs during
the neutralization.

B Additional Quantitative and
Qualitative Analysis of Generated Texts
by Qwen-2.5-14B-Instruct

To further evaluate the quality of the generated
texts, we computed pairwise cosine similarities us-
ing the Italian SBERT model (nickprock/sentence-
bert-base-italian-xxI-uncased) 10. Across tasks,
mean similarities between original and gener-
ated texts ranged from 0.787 (rewritten) to 0.835
(rephrased) and 0.821 (perturbed), with a Kruskal-

Wallis test confirming highly significant differences
in similarity distributions H statistics = 227.11, p
< 4.8359e-50). 2. Paired t-test: Token Length
(Original vs Rewritten) t-statistic: 9.6456, p-value:
6.2318e-21 Original mean: 59.6, Rewritten mean:
52.9

A paired t-test also revealed that rewritten texts
were significantly shorter than originals (tokens in
original = 59.6 tokens, tokens in rewritten = 52.9
tokens; t = 9.65, p= 6.2e-11). Complementing
these quantitative findings, t-SNE visualization of
the SBERT embeddings (12) shows strong overall
overlap between original and generated texts, with
all categories forming a single dense cluster. This
indicates robust semantic preservation, while subtle
shifts—particularly for rewritten texts toward the
cluster periphery—align with the observed lower
similarity scores.

Notice that the mean similarity for Rewritten
(Original vs Edited) is the lowest (0.7476). This
shows that the human experts had to make the most
significant semantic changes to achieve neutrality
in that task.

LLMs struggle with Neutralization: The similar-
ity between Generated vs Edited for Rewritten text
(0.8579) shows that the human editors often had to
move quite far away from what the LLM (Qwen)
initially proposed to get a truly neutral result.

C LLM-as-a-Judge Agreement Details

Table 11 shows that GPT-40-mini reached fair
(0.302) agreement with annotator 2 and moderate
(0.454) with annotator 1. However, these values
fall in the low end of the ranges, posing questions

5607

16



t-SNE Dimension 2

100

75

50

25

—25

-100

t-SNE of SBERT Embeddings (Original vs Generated Texts)

I
Category
Original
Rephrased
Perturbed
Rewritten

—100

=50 0 50
t-SNE Dimension 1

Figure 12: T-SNE.
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std E Seq2seq results

In this section we provide more details for the
seq2seq results.

We employ a fine-tuned BERT classifier to eval-
uate the neutrality of generated outputs. The clas-
sifier, trained on our corrected annotation dataset,

Task Comparison n Mean
Rephrased original vs generated 825 0.8352  0.1566
original vs edited 271 09207 0.0733
generated vs edited 271  0.8158  0.2562
Perturbed  original vs generated 825 0.8209  0.1731
original vs edited 346 0.8918 0.0819
generated vs edited 346  0.8289  0.2620
Rewritten  original vs generated 825 0.7869 0.1183
original vs edited 559 0.7476  0.1267
generated vs edited 559  0.8579 0.1559

provides binary predictions (neutral vs. hyperparti-
san) as well as continuous probability scores.

Table 10: Semantic Similarity (Cosine) between text
versions computed with Italian SBERT. Higher values
indicate greater semantic similarity.

Ann 1 1 - -

Ann 2 0.694 1 -

GPT-40-mini | 0.454 | 0.302 1
Ann1l | Ann2 | GPT

Table 11: Cohen’s K: IAA Human vs. GPT-40-mini on
Qwen’s Rewritten Accomplishment.

about the application of small LLMs for this evalu-
ation task of the Rewritten texts. Conversely, the
agreement between humans is substancial (0.694),
confirming that human revision for this subjective
task is essential.

D LLMsFT and 0-shot Evaluation

To situate these findings within the broader context
of model reliability, we must address the discrep-
ancy between the automated semantic metrics and
the human-centric evaluations. While fine-tuned
(FT) models generally outperformed 0-shot config-
urations in lexical alignment (BLEU/ROUGE), the
FT-sent-BERT scores remained remarkably high
across nearly all models, often exceeding 0.90.
This suggests a high degree of semantic preser-
vation; however, a granular analysis using LLM-
as-a-judge (GPT-40-mini) and Human Evaluation
reveals a more nuanced reality. The high FT-sent-
BERT scores, which contrast with the lower qualita-
tive ratings assigned by humans and GPT-40-mini,
may stem from two primary factors: ¢) Overestima-
tion of Neutrality: 7z) Sensitivity to Hallucinations:
human judges penalize "added context" or "seman-
tic inconsistencies" (Scores 1-2). Automated se-
mantic metrics often fail to distinguish between a
"neutralized" fact and a "hallucinated" fact if they
share a similar embedding space, whereas human
judges and GPT-40-mini are more sensitive to these
referential errors.

E.0.1 Neutrality Rates by Configuration

Table 12 presents the neutrality rates achieved by
each training configuration.

Metric SFT SFT-CLASS DPO
Mean Neutrality  0.73 0.75 0.56
Std Dev 0.09 0.09 0.22
Min 0.59 0.62 0.13
Max 0.83 0.85 0.73

Table 12: Neutrality rate statistics by training configura-
tion across all model families.

SFT-CLASS achieves highest mean neutrality
(0.75) with consistent performance across models
(std=0.09), validating the classifier-guided training
approach. Standard SFT provides competitive
neutrality (0.73) without requiring classifier inte-
gration during training. DPO shows high variance
(std=0.22), with some models maintaining neutral-
ity (mT5-base DPO: 0.72) while others experience
catastrophic degradation (BART-base DPO: 0.13).

E.0.2 Model Family Comparison

Table 13 breaks down neutrality performance by
model family.

Model Family SFT SFT-CLASS DPO
FLAN-TS5 0.82 0.82 0.72
BART 0.75 0.79 0.24
mT5 0.69 0.70 0.65
ITS 0.59 0.62 0.65

Table 13: Mean neutrality rate by model family and
training configuration.

FLAN-TS5 consistently achieves the highest neu-
trality rates across all configurations, likely bene-
fiting from its instruction-tuning pretraining which
aligns well with the neutralization task fram-
ing. Particularly: FLAN-T5-base SFT-CLASS
achieves the highest overall neutrality (0.85), tied
with BART-large SFT-CLASS; BART models
show extreme DPO sensitivity: BART-base drops
from 0.73 (SFT-CLASS) to 0.13 (DPO), a 82%

5609

18



106 apertus-70b gemma-3-27b gemma-3-4b llama-3.1-8b llama-3.2-3b llama-33-70b
80
60
40
S
@ 20
[
B 0
% 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
%]
s mistral-7b phi-3.5-mini qwen-2.5-3b qwen-25-72b qwen-3-30b
e 100
el
= 80
@
2
& 60 B Human
40 I GPT-40-mini
o TN | nllnant MLl
0
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Figure 13: Ratings distribution.

relative decrease. Lastly, I'TS underperforms de-
spite being Italian-native, suggesting that domain-
specific pretraining does not guarantee task-specific
performance.

E.0.3 Top Performers by Neutrality
The five highest-neutrality configurations are:
1. FLAN-TS5-base SFT-CLASS: 0.853
2. BART-large SFT-CLASS: 0.853
3. FLAN-T5-base SFT: 0.832
4. FLAN-T5-large SFT: 0.812

5. FLAN-T5-large SFT-CLASS: 0.788

This ranking demonstrates FLAN-T5’s dom-
inance in neutrality and the effectiveness of
classifier-guided training (SFT-CLASS) for maxi-
mizing neutrality.

E.0.4 Neutrality-BLEU Trade-off

We observe a negative correlation between BLEU
and neutrality rate (r = —0.42, p = 0.056), sug-
gesting a quality-neutrality trade-off. DPO models
exemplify this tension:

* BART-base DPO achieves the highest BLEU
(29.1) but the lowest neutrality (0.13)

* FLAN-T5-large DPO balances both: 24.1
BLEU with 0.73 neutrality

* mT5-base DPO maintains neutrality (0.72)
while improving BLEU (+8.7 over SFT)

E.1 Semantic Similarity Analysis

We employ SBERT (sentence-BERT:
nickprock/sentence-bert-base-italian-xxI-uncased)
embeddings to measure semantic similarity across
three dimensions: SBERTgc.gen: Source-to-
generation similarity (semantic preservation);
SBERT geyy.ref: Generation-to-reference similarity
(alignment with gold standard); SBERTgycref:
Source-to-reference similarity (baseline similarity).

E.1.1 Semantic Preservation (SBERTc.gen)

Table 14 presents SBERT;c.gen scores measuring
how well models preserve source semantics.

Metric SFT SFT-CLASS DPO

Mean 0.88 0.86 0.67
Std Dev  0.04 0.05 0.07

Table 14: SBERT ;. geq Statistics by training configura-
tion.

Critical finding: DPO significantly reduces se-
mantic preservation compared to SFT (¢ = 6.40,
p < 0.0001, Mann-Whitney p = 0.0007). This
is the only metric showing statistically significant
difference between configurations. The 0.21-point
drop (24% relative) indicates that DPO’s BLEU
improvements come at the cost of semantic fidelity
to the original text.

E.1.2 Reference Alignment (SBERT g¢p_ref)

SBERT gepref measures how closely generations
match reference neutralizations:

SFT achieves the highest reference alignment
with minimal variance, indicating consistent learn-
ing of neutralization patterns. DPO shows higher
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Metric SFT SFT-CLASS DPO
Mean 0.72 0.69 0.66
Std Dev  0.02 0.05 0.10

Table 15: SBERT gepnrer statistics by training configura-
tion.

variance (std=0.10), reflecting its model-dependent
behavior.

E.1.3 Model-Level Semantic Analysis

Table 16 provides per-model semantic metrics.

The A column reveals an interesting pattern:
SFT models preserve source semantics more than
they align with references (A > 0), while some
DPO models show the reverse pattern (A < 0),
indicating they diverge from sources while coinci-
dentally matching references.

E.1.4 Metric Correlations

Table 17 presents Pearson correlations between key
metrics.

BERTScore strongly correlates with
SBERT geprer (7 0.94), validating both as
measures of reference alignment. BLEU cor-
relates with SBERT geprer (= 0.59) but not
with SBERTc gen (7 —0.01), suggesting
BLEU measures reference matching rather than
semantic preservation. Neutrality shows weak
correlations with all other metrics, indicating
it captures an independent dimension of quality.
Semantic preservation and reference alignment
are moderately correlated (r = 0.66), suggesting
models that preserve source meaning also tend to
match references.

E.2 Configuration Impact Analysis
E.2.1 SFT to DPO Transition

Table 18 quantifies the impact of transitioning from
SFT to DPO for each model.

We found that mT5-base is the optimal DPO
candidate: +8.7 BLEU with no neutrality loss and
minimal semantic drift (—0.13). BART-large shows
severe degradation. Despite +5.9 BLEU, it loses
39 percentage points of neutrality. IT5-large fails
entirely under DPO: —9.4 BLEU indicates catas-
trophic forgetting. Mean semantic preservation
loss of 0.21 confirms DPO systematically trades
semantic fidelity for surface-level improvements.

E.2.2 SFT vs. SFT-CLASS Comparison

Statistical testing reveals no significant differences
between SFT and SFT-CLASS:

While SFT-CLASS shows a trend toward im-
proved neutrality (+0.02), this difference is not
statistically significant (p = 0.66). The classifier-
guided approach may benefit from larger training
sets or stronger guidance signals.

F Models and Training Configurations

We evaluate 11 decoder-only LLMs spanning three
model families and two configuration strategies:
zero-shot prompting for large-scale models and
fine-tuning for smaller models. Table 20 summa-
rizes the configurations.

Zero-shot Prompting (Large Models). For
models with 7B or more parameters, full fine-
tuning would require multiple high-memory GPUs
exceeding our computational budget. Instead, we
employ zero-shot prompting with the following
Italian-language instruction and unsloth for finetun-
ing.

These models leverage their extensive pretrain-
ing and instruction-following capabilities to per-
form neutralization without task-specific training.
The zero-shot approach evaluates the models’ in-
herent understanding of neutrality and their ability
to generalize from instructions alone.

LoRA Fine-tuning (Small Models). For models
with 8B or fewer parameters, we apply Low-Rank
Adaptation (LoRA) (Hu et al., 2021) and unsloth
to efficiently fine-tune on our training set. LoORA
introduces trainable low-rank matrices into the at-
tention layers while keeping the pretrained weights
frozen, enabling fine-tuning on a single 48GB GPU.
Our LoRA configuration uses:

* Rankr =16
* Alpha a = 32 (scaling factor)
* Dropout =0.1

* Target modules: query, key, value projection
layers

For seq2seq we trained them for 10 epochs. To
FT LLMs, training proceeds for 1 epochs with
learning rate 2 x 10~* and batch size 4 (with gradi-
ent accumulation to effective batch size 16). Fine-
tuned models learn task-specific patterns from the
training examples, including proper handling of
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Model Config SBERTrcgen  SBERT gen.rer A

BART-large SFT-CLASS 0.925 0.747 0.178
BART-large SFT 0.913 0.722 0.191
FLAN-T5-large SFT 0.909 0.735 0.174
FLAN-T5-base SFT 0.908 0.727 0.181
FLAN-TS-large  SFT-CLASS 0.905 0.737 0.168
ITS-large DPO 0.548 0.427 0.121
BART-large DPO 0.618 0.701 —0.083
IT5-base DPO 0.625 0.640 —0.015

Table 16: Top 5 and bottom 3 models by SBE

RTsrc—gen- A= SBERTsrc—gen - SBERTgen»ref-

BLEU Neutrality SBERT;. SBERT,
BLEU — —-0.42 —0.01 0.59"*
Neutrality — 0.41 —0.10
SBERT c_gen — 0.66**
SBERTgen—ref -
BERTScore  0.70"** —0.17 0.42 0.94"**

Table 17: Pearson correlations between metrics. **p < 0.01, ***p < 0.001.

Model ABLEU ANeutrality ASBERT. Model Size Config Rationale
mT5-base +8.7 +0.00 —0.13 Zero-shot Prompting
mT5-large +6.2 —0.09 —0.12 Gemma3 27B 0-shot  Too large for FT
BART-large +5.9 —-0.39 —0.30 Qwen3 30B 0-shot  Too large for FT
FLAN-T5-large +4.8 —0.09 —-0.22 Qwen2.5 72B 0-shot  Too large for FT
FLAN-T5-base +4.3 —-0.12 —-0.22 Llama3.3 70B 0-shot  Too large for FT
ITS-large —94 +0.14 —0.28 Apertus 70B 0-shot  Too large for FT
Mean +3.4 —0.09 —0.21 LoRA Fine-tuning
Mistral 7B FT Fits in memory
Table 18: Change in metrics when transitioning from Llama3.1 8B FT Fits in memory
. .. Llama3.2 3B FT Fits in memory
SFT to DPO. Negative A indicates DPO underperfor- Gemma3 4B FT Fits in memory
mance. Qwen2.5 3B FT Fits in memory
Phi3.5 Mini (3.8B) FT Fits in memory

Metric A (CLASS—SFT) p-value Significant?
BLEU —0.07 0.956 No
Neutrality +0.02 0.660 No
SBERT grc-gen —0.02 0.414 No
SBERT gen-ref —0.02 0.316 No
BERTScore —0.05 0.272 No

Table 20: LLM configurations by model size. Large
models (>27B) use zero-shot prompting due to GPU
memory constraints; smaller models (<8B) use LoRA
fine-tuning.

Table 19: Paired comparison between SFT and SFT-
CLASS configurations (t-test).

Italian political terminology and stylistic prefer-
ences for neutral reformulation.

Configuration Selection Rationale. The di-
chotomy between zero-shot and fine-tuned con-
figurations reflects practical constraints rather than
experimental design preference. Ideally, all mod-
els would undergo fine-tuning for fair comparison;
however:

1. Memory constraints: A 70B model required
approximately 140GB in FP16, far exceeding
single-GPU capacity even with LoRA (which

reduces but does not eliminate memory re-
quirements for large models).

Compute budget: Fine-tuning 70B models
with distributed training would require multi-
node setups beyond our allocation.

. Practical relevance: Zero-shot evaluation re-
flects real-world deployment scenarios where
users leverage large models via API without
fine-tuning access.

This configuration strategy enables comprehen-
sive evaluation across the model size spectrum
while remaining computationally feasible.

Model Selection We selected models represent-
ing diverse architectures and training approaches:
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Semantic Similarity: Preservation vs Alignment
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Figure 14: Scatter plot of semantic preservation (SBERT ¢ gen) vs. reference alignment (SBERT geprer). SFT models
cluster in the upper-right (high on both), while DPO models spread toward lower preservation.

Semantic Preservation vs. Neutrality Trade-off
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Figure 15: Preservation-alignment analysis showing the trade-off between source fidelity and reference matching
across training configurations.

Qwen series: Strong multilingual capabilities,

including Italian

Llama series: Widely-adopted open models

with proven performance

Gemma series: Google’s efficient instruction-

following models

Mistral: European-developed model with

strong multilingual support

Apertus: Italian-focused variant based on

Llama architecture

Phi3.5: Microsoft’s small-but-capable model

(included for comparison)

F.1 GPT-40-mini as a Judge Prompts
G Computational Infrastructures
All the experiments were run on two NVIDIA

Tesla V100 32GB, one NVIDIA A100 40GB, one
NVIDIA A100 80GB.
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Component

Prompt Content

User Prompt

You are an expert Italian rewriter and back-translator for hyper-partisan text.

- CONTEXT - 1. Original Italian paragraph: original

2. Masked Italian paragraph: masked

3. Span mapping: span_table

The placeholders have this structure: [linguistic_trait_n], where the linguistic trait are:
LOADED_LANGUAGE, EPITHET, IRONY/SARCASM, HYPERBOLIC_LANGUAGE, FIG-
URATIVE_SPEECH, NEOLOGISM and the n indicate the occurrence of the each linguistic
traits.

- TASK 1: REPHRASE - Rephrase the **original Italian paragraph** in natural, fluent Italian
while **preserving the exact meaning**. Avoid changing tone or bias. Output should be different
in wording but identical in semantics.

- TASK 2: BACK-TRANSLATION (UNPERTURBED) - * Translate masked Italian to English
(keep placeholders) * Translate that English back to Italian (keep placeholders) * The placeholders
**MUST** remain in unperturbed outputs both in Italian and English outputs. Keep them in
bold text as in the original text.

This is an example of the output for TASK 2: BACK-TRANSLATION (UNPERTURBED):
"Text Text Text [LOADED_LANGUAGE_n] Text Text [EPITHET_n] Text"

- TASK 3: BACK-TRANSLATION (PERTURBED) - » Replace each placeholder with a **syn-
onymous, bias-amplifying Italian expression** ¢ Translate the full replaced Italian to English
Translate that English back to Italian * **NO placeholder may remain** in perturbed outputs
This is an example of the output for TASK 3: BACK-TRANSLATION (PERTURBED): "Text
Text Text Text Text Text Text Text"

Return **QNLY ** this JSON (no markdown, no extra text):

"rephrased": "rephrased Italian", "it_unperturbed": "Italian with placeholders", "it_perturbed":
"Italian with replaced expressions"

Table 21: Prompt used for data augmentation with LLMs. The prompt instructs the model to perform three
parallel tasks on each hyperpartisan paragraph: surface-level rephrasing (preserving bias), unperturbed back-
translation (preserving placeholders), and perturbed back-translation (amplifying bias by replacing placeholders
with synonymous loaded expressions). The structured JSON output facilitates automatic extraction and subsequent

human supervision.

Component Prompt Content

Judge Prompt (Italian) | Sei un esperto di analisi del linguaggio giornalistico italiano. Esegui il seguente compito

seguendo la definizione di hyperpartisan adottata nelle guidelines: 1-Etichetta il testo come
hyperpartisan o neutrale.

guidelines

Testo da valutare: text

Rispondi SOLO con un JSON in questo formato (nessun testo aggiuntivo): "label": <hyperparti-
san, neutrale>,

Table 22: Prompt used for LLM-as-a-judge evaluation with GPT-40-mini.

Component

Prompt Content

System Instruction

Sei un giornalista esperto. Riscrivi il seguente paragrafo in modo completamente neutrale,
rimuovendo ogni tono hyperpartisan, sarcastico, caricaturale. Mantieni tutti i fatti e il significato
originale, usando un linguaggio oggettivo e imparziale. Ti verranno forniti degli esempi di neu-
tralizzazione di paragrafi hyperpartisan nel seguente formato: ESEMPIO: Hyperpartisan:"text",
Neutrale: "text".

Few-Shot Examples
Esempio 2: Hyperpartisan: "{text}"
Esempio 3: Hyperpartisan: "{text}"

Esempio 1: Hyperpartisan: "{text}"

User Instruction

Questo ¢ il paragrafo che devi neutralizzare: Paragrafo: {input_text} Rispondi esclusivamente
con la versione neutralizzata, senza aggiunte, spiegazioni o commenti.

Table 23: Prompt used for zero-shot neutralization with big size LLMs (>70B parameters). The system instruction
defines the role and task, three high-quality few-shot examples illustrate the expected neutralization style (preserving
facts while removing hyperpartisan tone, sarcasm, and loaded language), and the user instruction provides the target
paragraph with a strict requirement to output only the neutralized version.
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Component

Prompt Content

Judge Prompt (Italian)

Sei un esperto di analisi del linguaggio giornalistico italiano. Esegui i seguenti giudizi: 1-
Etichetta il testo come hyperpartisan o neutrale. 2-Assegna un valore (int) in una scalada 1 a 3
per la semantica del testo prodotto e per la correttezza sintattica seguendo le guidelines.
guidelines

Testo da valutare: text

Rispondi SOLO con un JSON in questo formato (nessun testo aggiuntivo): "label": <hyperparti-
san, neutrale>, "semantic_score": <1,2,3>, "syntax_score": <1,2,3>,

Table 24: Prompt used for LLM-as-a-judge evaluation with GPT-40-mini. The prompt instructs the model to rate
the neutrality of a given text on a 1-5 Likert scale, provide a confidence level, list any biased phrases identified, and
give brief reasoning. The strict JSON-only output format ensures structured, parseable responses for automated
analysis and comparison with human judgments.

Component

Prompt Content

Judge Prompt (Italian)

JUDGE_PROMPT = """Sei un esperto di analisi del linguaggio giornalistico italiano. Valuta
quanto il seguente testo sia neutrale e imparziale.

Scala di valutazione (1-5): 1 = Molto di parte, linguaggio fortemente emotivo o carico. Oppure
generazione fallita: presenza di errori gravi, testo incomprensibile, output ripetuto. 2 = Parzial-
mente di parte, diverse espressioni cariche. Generazione con errori ed incoerenze semantiche
come I’aggiunta di contesto inesistente o troncamento del contesto fornito. 3 = Moderatamente
neutrale, ma alcune tracce di bias. Generazione generalmente corretta ma con alcune imprecisioni
grammaticali e semantiche. Il testo puo contenere lievi allucinazioni e del contesto aggiunto
con correttezza referenziale. 4 = Principalmente neutrale, linguaggio equilibrato. Generazione
sostanzailmente corretta con lievi imperfezioni grammaticale (concordanza, piccoli refusi). Non
viene aggiunto alcun tipo di contesto, tutte le informazioni nel testo originale vengono preservate,
ma neutralizzate. 5 = Completamente neutrale, oggettivo e imparziale. Linguaggio chiaro e
professionale. Generazione priva di errori grammaticali o semantici.

Testo originale NON da valutare: input

Testo generato da un LLM: generated

Rispondi SOLO con un JSON in questo formato (nessun testo aggiuntivo): "neutrality_score":
<I-5>, """

Table 25: Prompt used for LLM-as-a-judge evaluation with GPT-40-mini. The prompt instructs the model to rate
the neutrality of a given text on a 1-5 Likert scale. The strict JSON-only output format ensures structured, parseable
responses for automated analysis and comparison with human judgments.

5615



