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Abstract

Warning: this paper contains expressions that
may offend the readers.

Although offensive language continually
evolves over time, even recent studies using
LLMs have predominantly relied on outdated
datasets and rarely evaluated the generalization
ability on unseen texts. In this study, we con-
structed a large-scale dataset of contemporary
political discourse and employed three refined
judgments in the absence of ground truth. Each
judgment reflects a representative offensive
language detection method and is carefully
designed for optimal conditions. We identified
distinct patterns for each judgment and
demonstrated tendencies of label agreement
using a leave-one-out strategy. By establishing
pseudo-labels as ground trust† for quantitative
performance assessment, we observed that
a strategically designed single prompting
achieves comparable performance to more
resource-intensive methods. This suggests a
feasible approach applicable in real-world
settings with inherent constraints.

1 Introduction

Offensive language has emerged as a persistent
linguistic issue in online discourse, broadly encom-
passing expressions intended to insult, demean, or
ridicule others1 (Mnassri et al., 2024; Pradhan et al.,
2020). This concern is particularly evident in social
media comments, where users articulate and ex-
change diverse opinions (Abdelsamie et al., 2024;
Aklouche et al., 2024). The form and content of
such language frequently depend on the underly-
ing factual context (Ghenai et al., 2025), and they
are recognized as key factors in intensifying so-
cial tensions and driving the polarization of public
opinions (Vasist et al., 2024; Kaur et al., 2024).

1This study examines a broader spectrum of offensive lan-
guage, including hate speech—expressions that promote ha-
tred toward specific individuals or groups.

In this study, we focus on Korean online news
platforms as a forum for public discourse in the
context of rapidly shifting political dynamics (Jin,
2025). Most prior research on offensive language
in Korean has relied on outdated datasets, with the
latest collected in early 2022, limiting their ability
to capture recent political developments and emerg-
ing patterns of social conflict (Park et al., 2024,
2023a,b; Jeong et al., 2022; Lee et al., 2022; Kang
et al., 2022). To advance the field, we constructed
a new dataset by curating political news articles
and user comments posted throughout 2024 on the
most widely used news platform, ensuring it re-
flects the evolving sociopolitical landscape (Earle
and Hodson, 2022; Kleinnijenhuis et al., 2019).

The news articles are categorized into six top-
ics: Presidential Office, National Assembly / Po-
litical Parties, North Korea, Administration, Na-
tional Defense / Foreign Affairs, and General Poli-
tics. Through the fine-grained framework, we con-
structed the PoliticalK.O dataset (Political com-
ments for Korean Offensive language), comprising
114,000 articles and 9.28 million user comments.
Since the collected comments contained no ground
truth for offensiveness, we employed a diverse set
of established offensive language detection meth-
ods within a carefully designed framework to as-
sign predicted labels to each comment.

We introduce three main judgments2: su-
pervised ensemble judgment (SEJ), prompt-
variants ensemble judgment (PEJ), and multi-
debate reasoning judgment (MRJ), which are out-
lined in Figure 1. First, SEJ utilizes five existing
offensive language datasets to fine-tune PLMs to an
optimal configuration, combining their predictions
through majority voting. Despite the datasets being
outdated, we intended to maximize the utilization

2Conventional classification tasks evaluate how well pre-
dictions align with ground truth, but in our case, we refer to
the outcomes of each method as judgment due to the absence
of ground truth for the unseen comments.

21994



Figure 1: We adopt three distinct judgments for offensive language detection: supervised ensemble judgment (SEJ)
on the left, prompt-variants ensemble judgments (PEJ) in the center, and multi-debate reasoning judgment
(MRJ) on the right. Each constitutes a distinct approach to label inference, characterized by its methodology for
decision guidance and aggregation, tailored to the newly collected comments from the PoliticalK.O .

of meticulously curated data constructed through
human annotation (Pandey et al., 2022; Kwon et al.,
2022). Following this, PEJ employs three LLMs
with the five prompt variants, leveraging contex-
tual information such as explicit definitions of of-
fensive language or article summaries, which are
then aggregated by majority voting. We aimed to
fully harness the relevant information from an in-
context learning perspective (Sun et al., 2023; Dong
et al., 2022; Brown et al., 2020). Lastly, MRJ as-
sumes that each comment can be interpreted as
offensive or non-offensive depending on the per-
spective, and determines the final label through a
multi-agent debate. We intended to enhance the
LLM’s decision-making capabilities by leveraging
contrastive stances (Park et al., 2024; Du et al.,
2023).

We finally derived offensive labels for the un-
seen comments across three judgments with opti-
mized configurations. Although numerous studies
have explored offensive language detection, their
applicability to emerging data remains underex-
plored. To fill this gap, we conducted a large-scale
analysis on the PoliticalK.O by implementing
judgments tailored to the current sociolinguistic
landscape. This framework enabled us to exam-
ine offensive tendencies of each judgment, identify
potential shared decision criteria, and assess label
consistency when certain judgments were excluded.
Through this analysis, we obtained a granular un-
derstanding of how offensive language is perceived
in unseen comments from diverse perspectives.

Furthermore, in the absence of ground truth
labels for the newly collected comments, we
evaluated performance of each judgment through
pseudo-labeling (Ahmed et al., 2024; Yang et al.,

2023a; Zou and Caragea, 2023). By treating the
aggregated judgments as a ground trust†, we con-
ducted an analytic evaluation of the three judg-
ments and their respective components. We then
examined how combinations of prior datasets and
prompt variants yielded reliable offensive lan-
guage detection results by leveraging proxy ground
trust† even without human annotations. Our anal-
ysis revealed practical scenarios where a single
prompt achieves comparable performance to more
resource-intensive methods, highlighting practical
approaches for real-world use cases. To facilitate
future research in this aspect, we release our dataset
and the labels generated by each judgment as open-
source resources3.

2 Related Work

2.1 Recent Advances in
Offensive Language Detection

BERT brought significant advances to offensive
language detection by enabling bidirectional con-
text modeling (Althobaiti, 2022; Roy et al., 2022;
Caselli et al., 2021). This capability allowed models
to capture context-sensitive features such as indi-
rect hostility and metaphorical expressions that ear-
lier machine learning approaches struggled to ad-
dress (Ramos et al., 2024; Xiao et al., 2024a). Con-
currently, researchers began developing more fine-
grained and context-aware datasets to account for
sociocultural factors (Din et al., 2025; Pachinger
et al., 2024; Deng et al., 2022; Mathew et al., 2021;
Rosenthal et al., 2021; Zampieri et al., 2019). These
efforts introduced richer taxonomies and labeling
schemes tailored to specific communities.

3https://github.com/seungukyu/PoliticalK.O
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Since the emergence of LLMs, research has
adopted prompt-based approaches such as provid-
ing models with explicit criteria for identifying of-
fensiveness (Lu et al., 2025; Nghiem and Daumé Iii,
2024), or employing chain-of-thought to guide the
reasoning process (Nghiem and Daumé Iii, 2024;
Yang et al., 2023b; Huang et al., 2023). In parallel, a
multi-agent method has been proposed to simulate
diverse perspectives within decision-making (Park
et al., 2024). This shift reframes the task as cap-
turing a spectrum of interpretations, rather than
converging on a single answer.

However, even recent studies in Korean still rely
on outdated datasets4, which raises concerns about
whether current methods can effectively generalize
to emerging sociopolitical discourses and shifting
patterns of language use. Several studies have re-
ported that LLMs often struggle to interpret sub-
tler forms of expression, such as political satire
and irony (Bojić et al., 2025; Yi and Xia, 2025).
These limitations present challenges to the reliabil-
ity and societal applicability of offensive language
detection systems, emphasizing the need for con-
temporary datasets and evaluation frameworks that
account for ongoing temporal shifts.

Building upon this background, we construct
a new dataset focused on contemporary political
discourse and conduct a comprehensive evalua-
tion of existing offensive language detection meth-
ods to assess their reliability in real-world predic-
tion scenarios. Our quantitative analysis moves be-
yond conventional ground truth-based accuracy as-
sessments by examining the practical applicability
and decision-making consistency of differing judg-
ments, particularly in response to emerging and
previously unseen expressions.

2.2 Sociopolitical Dimensions in
Contemporary NLP Tasks

Prior research in sociopolitical NLP has investi-
gated issues of bias, fairness, and the societal impli-
cations of language technologies, in both language
models and their downstream applications. These
studies have explored challenges such as develop-
ing models that account for personal, cultural, and
contextual variation (Nguyen et al., 2021; Flek,
2020). A growing line of work has emphasized the
need to examine political polarization and sociode-

4We provided the collection dates of the prior Korean of-
fensive language datasets used in recent studies in Table 6 of
Appendix B.1, with the most recent from March 2022, which
is now considerably outdated.

mographic or media-driven bias (Narayanan Venkit,
2023; Németh, 2023; Mohla and Guha, 2023).

Recent advances in LLMs have enabled complex
tasks such as public opinion tracking, yet concerns
about political bias remain. Numerous studies have
shown that LLMs can produce ideologically incon-
sistent outputs (Aldahoul et al., 2025; Potter et al.,
2024; Motoki et al., 2024; Thapa et al., 2024), po-
tentially influenced by prompt engineering or fine-
tuning on politically aligned data (Rozado, 2024;
Bernardelle et al., 2024). Instruction-tuned models
in particular have exhibited ideological leanings,
raising concerns about their neutrality (Faulborn
et al., 2025), especially as embedded political
stances may shift over time (Liu et al., 2025). Ac-
knowledging such political bias in datasets and
models, we rigorously compare judgments to iden-
tify those yielding the most stable and reliable of-
fensiveness detection on large-scale, previously un-
seen comments.

2.3 Contrasting Subjectivity in the
Interpretation of Offensive Texts

Research on offensive language detection largely
relies on supervised datasets with predefined la-
bels (Korre et al., 2025; Nghiem et al., 2024; David-
son et al., 2017; Schmidt and Wiegand, 2017).
These evaluation frameworks emphasize alignment
with static annotations that reflect sociocultural
norms of a given period (Zhou et al., 2023). How-
ever, interpretations of offensive content in political
discourse are highly context-dependent and vary
considerably depending on users’ backgrounds and
values (Pujari et al., 2024; Giorgi et al., 2024).

A recent study improved robustness in offen-
sive language detection by incorporating annota-
tor disagreement signals, particularly when han-
dling ambiguous or controversial content (Lu et al.,
2025). Nevertheless, evaluations based solely on
pre-constructed datasets often overlook the evolv-
ing nature of offensive language (Xiao et al., 2024b;
Sainz et al., 2023). The inherent ambiguity and
subjectivity of language complicate annotation con-
sistency among human raters (Rodríguez-Barroso
et al., 2024; Deng et al., 2023; Abercrombie et al.,
2023). These challenges are amplified by the emer-
gence of unseen comments, further complicating
the identification of robust detection methods. In
this context, we construct a topic-diverse dataset
of recent political discourse and conduct a compre-
hensive analysis of diverse judgments to identify
strategies best suited for real-world deployment.
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3 Method

3.1 Dataset Construction

To capture the dynamics of recent political
discourse, we constructed PoliticalK.O from
Naver5, South Korea’s largest news platform, cov-
ering all political news articles published in 2024.
The dataset includes 114,000 articles and 9.28 mil-
lion user comments, along with article summaries
and comment threads. The detailed statistics of the
dataset are provided in Appendix A.

3.2 Supervised Ensemble Judgment

We fine-tuned PLMs on five Korean offensive
language datasets: K-Haters (Park et al., 2023a),
KODOLI (Park et al., 2023b), KoLD (Jeong
et al., 2022), K-MHaS (Lee et al., 2022), and
UnSmile (Kang et al., 2022). Since the original
datasets exhibited label imbalance, we re-split them
to ensure balanced distributions to prevent potential
bias during inference (Shi et al., 2022).

We employed multilingual RoBERTa (Conneau
et al., 2019) and KcBERT (Lee, 2020) as back-
bone models and fine-tuned each on five datasets
under optimized conditions, resulting in five inde-
pendently trained models6. Although predictions
on unseen comments varied depending on the train-
ing data, we aggregated them using majority voting.
The overall procedure of SEJ is outlined in Algo-
rithm 1. While some datasets were outdated, we de-
signed our setup to maximally utilize the strengths
of these datasets, leveraging the reliability ensured
by their human-curated annotations.

3.3 Prompt-variants Ensemble Judgment

We selected three LLMs recognized for strong per-
formance in Korean—Exaone (LG AI Research,
2024), Trillion (Han et al., 2025), and Hyperclo-
vaX (Yoo et al., 2024). Prompt-based methods have
gained attention for enabling label inference on un-
seen data without annotated supervision, in contrast
to fine-tuning approaches (Udawatta et al., 2024).
Given that model outputs may vary with prompt
formulation even under identical input and model
configuration (Voronov et al., 2024), we employed
five prompt variants: Vanilla (V), Defn (D), Summ
(S), FewShots (F), and D+S+F.

The Vanilla provides the comment to be clas-
sified, and this standard formulation commonly

5https://news.naver.com/section/100
6The fine-tuning setup and results on each test set are

provided in Appendix B.1.

Algorithm 1 Supervised Ensemble Judgment (SEJ)

1: {OLD1, . . . ,OLD5} ← offensive language datasets
2: model_pool← []
3: for i, dataset ∈ enumerate{OLD1, ...,OLD5} do
4: for lr ∈ {1e-5, 2e-5, 3e-5} do ## fine-tune
5: Train PLMs on train set with lr for 5 epochs
6: if (best valid loss) or (last) epoch then
7: model_pool.append(PLMtrained)
8: end if
9: end for

10: for PLMtrained ∈ model_pool do ## test
11: Evaluate on test set
12: end for
13: best_PLMi ← PLMtrained with highest F1 score
14: end for
15: for comment ∈ PoliticalK.O do ## inference
16: for i = 1 to 5 do
17: predicti← best_PLMi(comment)
18: end for
19: label← vote(predict1, ..., predict5)
20: end for

Algorithm 2 Prompt-variants Ensemble Judgment (PEJ)

1: OL← refers to offensive language
2: for comment ∈ PoliticalK.O do
3: ## prompt construction
4: promptV ← (basic instruction for OL, comment)
5: promptD ← promptV + refined definition for OL
6: promptS ← promptV + summarized source article
7: promptF ← promptV + few-shot samples
8: promptD+S+F ← combines above three prompts
9: ## inference

10: for ptype ∈ {V,D, S,F,D+S+F} do
11: predict1 ← Inference(LLM1, promptptype)
12: predict2 ← Inference(LLM2, promptptype)
13: predict3 ← Inference(LLM3, promptptype)
14: labelptype ← vote(predict1, ..., predict3)
15: end for
16: label← vote(labelptype

17: for ptype in {V, D, S, F, D+S+F})
18: end for

employed in recent offensive language detection
studies (Jaremko et al., 2025; Pan et al., 2024).
The Defn provides an explicit definition of offen-
sive language to clarify the model’s decision crite-
ria (Lu et al., 2025; Nghiem and Daumé Iii, 2024).
Given that Korean political discourse frequently
references specific politicians or parties, increas-
ing the complexity of assessing offensiveness (Lee
et al., 2023), we refined prior definitions to better
reflect these political nuances.

The Summ provides background context from
the news article. We summarized the source ar-
ticle’s title and content into three sentences and
appended them, offering contextual grounding for
the model (Parvez, 2025). The FewShots includes
labeled samples from other articles on the same
topic as the target comment (Ahmadnia et al., 2025;
Brown et al., 2020). If the target comment pertains

21997

https://news.naver.com/section/100


to the topic North Korea, few-shot samples were
drawn from other articles on that topic. Finally,
the D+S+F combines all the above elements into
a single formulation, supporting more informed
predictions through enriched contextual input.

We then applied majority voting to the outputs.
The overall procedure of PEJ is outlined in Algo-
rithm 2. Although prompt-based inference can de-
pend on individual model behavior, we combined
outputs from multiple prompt variants and models
to achieve more generalized and robust predictions.

3.4 Multi-debate Reasoning Judgment
We extended prior research employing a multi-
agent framework for offensive language detec-
tion (Park et al., 2024) by refining to better align
with judgments on political comments. We eval-
uated the LLMs in §Algorithm 2 using the five
datasets from §Algorithm 1, and conducted experi-
ments based on the best-performing model7.

We assigned distinct personas to the model, en-
abling it to interpret comments from different per-
spectives (Jiang et al., 2024; Hattab et al., 2024).
Each agent was designed to classify comments as
either offensive or non-offensive, generating ratio-
nales that illustrate how perspective shapes interpre-
tation. At this stage, we also provided a summary
of the source article for each comment to facilitate
context-aware assessments (Parvez, 2025).

Subsequently, we instructed agents with oppos-
ing viewpoints to generate a stance for each ratio-
nale (Hu et al., 2025). An agent adopting an of-
fensive perspective was asked to debate a rationale
from a non-offensive standpoint, and vice versa.
Based on all rationales and stances, we employed a
judge agent to make the representative label. The
overall procedure of MRJ is outlined in Algorithm 3.
Through this reasoning process, we aimed to enable
agents to analyze offensiveness across a broader
spectrum of contextual dimensions.

4 Exploratory Analysis of
Offensiveness across Judgments

We employed the three judgment methods—SEJ,
PEJ, and MRJ—on the entire set of comments in the
PoliticalK.O to obtain corresponding labels. To
examine detection tendencies and potential biases,
we first compared the label distributions generated

7The performance of the three LLMs on each of the prior
datasets is reported in Appendix B.3. While the main analysis
focuses on a single model Trillion, pilot results from the other
models are also included in Appendix C.2.

Algorithm 3 Multi-debate Reasoning Judgment (MRJ)

1: ## model selection
2: {OLD1, . . . ,OLD5} ← offensive language datasets
3: for i, dataset ∈ enumerate{OLD1, ...,OLD5} do
4: Evaluate LLMs on test set
5: end for
6: best_LLM← LLM with highest F1 score across OLDs
7: ## persona alignment
8: LLMO ← Initialize best_LLM to discuss offensive
9: LLMN ← Initialize best_LLM to discuss non-offensive

10: LLMJudge ← Initialize best_LLM to make final decision
11: for comment ∈ PoliticalK.O do
12: ## rationale generation
13: summary← summarized source article
14: from §Algorithm 2
15: rationaleO ← Argument(LLMO, summary, comment)
16: rationaleN ← Argument(LLMN, summary, comment)
17: ## discuss on each side
18: stanceO ← Debate(LLMO, comment, rationaleN)
19: stanceN ← Debate(LLMN, comment, rationaleO)
20: ## final judgment
21: label← Instruct LLMJudge based on
22: (rationaleO, rationaleN, stanceO, stanceN)
23: end for

by each judgment. We then calculated the pairwise
label overlap ratio to assess the consistency of de-
cision criteria across different judgments.

Ratiooverlap(A,B) =
1

n

n∑

i=1

1(Ai = Bi), (1)

The label distributions and pairwise label overlap
ratios of judgments across topics are presented in
Table 1. We observed consistently high proportions
of offensiveness for all topics, regardless of the
judgment type. This trend aligns with longstanding
patterns of verbal aggression historically observed
in responses to political discourse (Tsoumou, 2021;
Humprecht et al., 2020). A topic-wise analysis
revealed that National Defense / Foreign Affairs
exhibited a relatively low proportion of offensive
comments, whereas General Politics, which encom-
passes a broader range of politician-related issues,
showed higher levels. This observation suggests
that topic-specific patterns of offensiveness remain
consistent across different judgments.

Notably, SEJ inferred from prior datasets yielded
a comparatively lower rate of offensive labels with
values ranging from approximately 50% to 60%.
Although the models were trained on explicit ex-
amples of offensive language, their reliance on out-
dated data raises concerns regarding their ability
to generalize to contemporary discourse. While it
is plausible that LLM-based judgments PEJ and
MRJ may overestimate offensiveness, we observed
the consistently high label distributions between
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Topics SEJ PEJ MRJ
SEJ

⇌ PEJ

PEJ

⇌ MRJ

MRJ

⇌ SEJ

All
Judgments

Label Distribution Pairwise Label Overlap Ratio
Presidential Office 59.55 : 40.45 79.69 : 20.31 80.31 : 19.69 75.94 83.59 70.78 65.16
National Assembly / Political Parties 62.58 : 37.42 81.95 : 18.05 83.85 : 16.15 77.83 85.89 72.22 67.97
North Korea 58.12 : 41.88 81.88 : 18.12 80.35 : 19.65 73.77 84.00 69.51 63.64
Administration 56.56 : 43.44 81.60 : 18.40 80.03 : 19.97 72.92 84.13 69.04 63.05
National Defense / Foreign Affairs 55.01 : 44.99 74.55 : 25.45 78.68 : 21.31 76.31 81.35 68.43 63.05
General Politics 62.20 : 37.80 84.99 : 15.01 82.56 : 17.44 75.40 86.29 72.09 66.89
Total 61.88 : 38.12 83.46 : 16.54 82.58 : 17.42 76.09 85.81 71.91 66.91

Table 1: Label distribution and pairwise label overlap ratio by topic in the PoliticalK.O . The label distribution
values (left : right) represent the proportion of (offensive : non-offensive) labels. We carefully designed each
judgment with refined settings to ensure applicability to newly collected political comments.

70% and 80% across a range of prompt variants
and multi-debate settings. These results suggest
that such outputs are unlikely to result solely from
over-detection of previously unseen comments.

We also found that PEJ and MRJ exhibited over
80% pairwise label overlap, suggesting a notable
degree of alignment in decision criteria informed
by shared contextual cues and an interconnected
reasoning process. In contrast, the overlap ratio de-
creased when SEJ was included, indicating that its
decision boundaries diverge from those of LLM-
based judgments, which demonstrate more adap-
tive and nuanced predictive behavior. When aggre-
gating the judgments across all topics, the overall
overlap ratio was approximately 66%, reflecting a
moderate level of consistency.

To assess the impact of individual judgments,
we employed a leave-one-out strategy (Webb et al.,
2010; Elisseeff et al., 2003). We first calculated the
agreement score based on the complete set of judg-
ments, then iteratively excluded each judgment to
evaluate its effect on the overall score. An increase
in agreement upon exclusion (∆−k < 0) indicates
that the removed judgment was misaligned with
the consensus. Through this analysis, we aimed
to identify whether the aggregated judgment was
disproportionately influenced by specific compo-
nents and to determine more reliable judgment for
collective assessments.

From a total of M comments based on N judg-
ments, each label was defined as xi,j . The agree-
ment score f was computed using Krippendorff’s
α8 (Krippendorff, 2011). Let the agreement differ-
ence be denoted as ∆−k obtained by excluding the

8We scaled the obtained scores by multiplying them by
100 to enable more intuitive comparison in our study.

Topics SEJ,
PEJ, and MRJ

Components
in SEJ

Components
in PEJ

Presidential Office 40.83 27.23 59.94
National Assembly
/ Political Parties

41.26 27.52 65.04

North Korea 37.86 32.46 63.98
Administration 37.90 30.69 62.80
National Defense
/ Foreign Affairs

41.99 31.84 62.27

General Politics 38.47 27.51 64.27
Total 39.57 27.60 63.96

Table 2: Agreement scores of Krippendorff’s α for the
three main judgments and within each of SEJ and PEJ.

k-th judgment, these are computed as follows:

scoretotal = f
(
{Judgmenti}Ni=1, {xi,j}Mj=1

)
, (2)

score−k = f
(
{Judgmenti}Ni ̸=k, {xi,j}Mj=1

)
, (3)

∆−k = scoretotal − score−k, (4)

The agreement scoretotal for the three main judg-
ments and within each of SEJ and PEJ are presented
in Table 2. We observed that the agreement score
across the three main judgments was around 40—a
relatively low score considering that each judgment
has been widely adopted even in recent studies as
a representative approach to offensive language
detection. We further investigated how the scores
varied depending on the underlying datasets and
prompt configurations used in SEJ and PEJ.

One noteworthy aspect is that, despite the large
volume of collected comments, especially reaching
up to 5.61 million for the topic General Politics,
the score of PEJ exceeded 60. This indicates signifi-
cantly greater consistency compared to SEJ, which
remained at around 30. These results suggest that
the prompt variants used in our experiment pro-
vided more consistent evaluation criteria than those
derived from prior datasets, and also imply that
prompt-based approaches may ease evaluation and
enhance consistency.
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Figure 2: Leave-one-out agreement score
differences by excluding each of the main
judgment: SEJ, PEJ, and MRJ.

Figure 3: Leave-one-out agreement score differences by excluding each
of the component: training dataset or prompt variant, in SEJ and PEJ.

The agreement score differences ∆−k across
main and component judgments of SEJ and PEJ
are presented in Figure 2 and 3. Although it is
not possible to conclusively determine which judg-
ment aligns most closely with the ground truth,
Figure 2 shows that all judgments exhibited sub-
stantial discrepancies, with marked shifts upward
and downward for SEJ and PEJ. This pattern sug-
gests that relying on pre-existing datasets—even
when synthesized from five distinct sources—falls
short of the predictive stability demonstrated by
more LLM-based approaches. In contrast, MRJ dis-
played intermediate agreement differences, indicat-
ing comparatively greater stability.

We then analyzed each component of SEJ and
PEJ, as shown in Figure 3. Larger deviations ap-
peared more often in SEJ than in PEJ, suggesting
that the choice of training dataset is a more sen-
sitive factor than prompt design in judgment ag-
gregation. Notably, we found that KODOLI and
K-MHaS yielded substantially lower scores, indi-
cating degraded judgment quality. In contrast, Un-
Smile led to a significant increase, underscoring its
importance in aligning inference consistency.

In PEJ, we observed that Defn achieved the high-
est score by providing an explicit definition of of-
fensive language grounded in political context, fol-
lowed by FewShots, which offered topic-relevant
samples that enabled more contextual inferences.
In contrast, the Summ resulted in the lowest score,
despite the article summaries exhibiting sufficient
factual consistency9. This suggests that the model
may have been biased by the article content, po-
tentially leading to under- or overestimation of of-
fensiveness. Moreover, political comments are of-
ten driven more by the author’s ideological stance
rather than the actual content (Han et al., 2023;
Kubin et al., 2021), limiting the effectiveness of ar-

9We evaluated the consistency of the summaries in Table 8
of Appendix B.2, and found that they generally capture the
key content of the corresponding source articles.

ticle summaries in supporting nuanced judgments
in such contexts.

5 Establishing Ground Trust†

for Analytical Evaluation

In the absence of ground truth labels for offensive-
ness in our newly constructed dataset, we assessed
the performance of each judgment using pseudo-
labels (Ahmed et al., 2024; Yang et al., 2023a; Zou
and Caragea, 2023). We treated each carefully de-
signed judgment as a reference point within a trust-
worthy range, referred to as ground trust†. This
construct served as a practical proxy for ground
truth, enabling systematic evaluation and compari-
son across offensive language judgments.

Figure 4: Hierarchical construction of the ground trust†

serving as pseudo-labels for evaluating each judgment.

The construction of ground trust† from each
judgment is illustrated in Figure 4. Individual la-
bels were obtained from SEJ, PEJ, and MRJ (indi-
cated by red check marks), and subsequently ag-
gregated through majority voting (represented by
the red box) to form the ground trust†. This proce-
dure reflects the integration of multiple optimized
conditions to assign a representative label to each
comment in the absence of ground truth.

Although ground trust† may not serve as an ab-
solute reference equivalent to conventional ground
truth, we regarded it as the most robust pseudo-
labeling strategy available in our study, developed
through the careful integration of multiple judg-
ments tailored to newly collected comments. Given
the ongoing demand for up-to-date dataset con-
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Topics SEJ PEJ MRJ

Acc P R F1 Acc P R F1 Acc P R F1
Presidential Office 81.56 77.52 86.79 78.82 94.38 94.31 89.80 91.79 89.21 86.67 82.19 84.10
National Assembly / Political Parties 82.08 76.32 87.83 78.23 95.74 95.46 91.26 93.16 90.14 87.24 80.94 83.53
North Korea 79.64 75.87 85.98 76.70 94.13 94.95 88.09 90.95 89.87 86.83 83.21 84.81
Administration 78.92 75.85 85.63 76.28 94.00 95.07 87.97 90.90 90.12 87.60 83.71 85.41
National Defense / Foreign Affairs 81.70 79.81 86.44 80.28 94.61 94.68 91.87 93.14 86.73 86.12 79.91 82.20
General Politics 80.60 74.55 87.16 76.20 94.80 95.60 87.45 90.84 91.49 87.25 84.53 85.80
Total 81.09 75.44 87.26 77.11 94.99 95.34 88.86 91.65 90.82 87.17 83.19 84.96

Table 3: Evaluation results of each judgment based on the constructed ground trust† for each topic in the Politi-
calK.O . Metrics reported are accuracy, precision, recall, and F1 score. In the absence of ground truth labels, we
established ground trust† as a pseudo-label within a trustworthy range for evaluation.

struction and the impracticality of exhaustive hu-
man annotation, we adopted this automated form of
ground trust† as a consistent and pragmatic bench-
mark. The evaluation results for each judgment
based on the ground trust† are presented in Table 3.

We observed that PEJ consistently performed
well across all topics, with accuracy and F1 scores
exceeding 90, followed by MRJ and SEJ. These re-
sults suggest that combining multiple prompt vari-
ants proves most effective against our ground trust†.
Notably, both PEJ and MRJ consistently showed
higher precision than recall, reflecting more con-
servative predictions of offensiveness, yet still out-
performing SEJ overall. In contrast, SEJ tended to
overestimate offensiveness, as reflected in its con-
sistently higher recall over precision, resulting in
lower scores than the other two judgments.

We further evaluated component-level predic-
tions from SEJ and PEJ (indicated by yellow check
marks in Figure 4), with results presented in Ta-
ble 4. We found that relying on a single dataset,
such as KoLD or K-Haters, yielded better perfor-
mance than combining multiple sources. This high-
lights the sensitivity of dataset selection in deter-
mining the reliability of label inference.

In the case of PEJ, which showed consistent per-
formance across prompt variants, no single case
outperformed the aggregated results of all vari-
ants. This indicates that while each prompt exhibits
robustness on unseen comments, combining out-
comes from multiple prompts yields the most re-
liable performance. Each prompt’s performance
was comparable to MRJ, suggesting that under con-
straints on external resources or iterative inference
with LLMs, a strategic prompting approach lever-
aging contextual cues can effectively detect offen-
siveness in unseen comments10.

10While our evaluations relied on the ground trust†, addi-
tional results based on a sampled human-labeled ground truth
are also provided in Appendix C.1.

Each Component Acc P R F1
K-Haters 86.13 78.29 82.79 80.12
KODOLI 42.53 62.66 63.76 42.49
KoLD 87.39 80.05 83.17 81.43
K-MHaS 45.72 63.34 65.83 45.56

SEJ

UnSmile 81.66 74.61 84.25 76.76
Vanilla 89.54 82.87 87.96 84.98
Defn 92.15 87.21 89.16 88.13
Summ 89.86 90.01 77.14 81.45
FewShots 91.52 89.45 83.03 85.71

PEJ

D+S+F 90.80 89.83 80.25 83.87
MRJ 90.82 87.17 83.19 84.96

Table 4: Evaluation results of each component from all
judgments based on the constructed ground trust† for all
topics in the PoliticalK.O .

6 Conclusion

We constructed the PoliticalK.O dataset—one
of the most extensive collections of offensive lan-
guage with 9.28 million user comments—to cap-
ture the dynamics of contemporary political dis-
course in Korea. In the absence of ground truth
labels, we designed three refined judgments SEJ,
PEJ, and MRJ grounded in widely adopted offensive
language detection methodologies. Our large-scale
analysis revealed notable label distributions and
agreement scores on leave-one-out strategy. No-
tably, when each judgment was evaluated against
the ground trust†, strategic prompting based on
explicit contextual cues consistently achieved per-
formance comparable to more resource-intensive
approaches. This result offers a valuable reference
point for handling previously unseen comments
under real-world constraints, and provides guid-
ance for future scenarios where annotated data or
repetitive model access may be limited.

Limitations

While our dataset enabled extensive analysis of po-
litical comments from 2024, its generalizability to
discourse beyond 2025 requires further validation.
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This study is notable for its exploratory analysis
with large-scale collections, in contrast to prior
work that heavily relied on outdated datasets. As
the analysis is based on Korean, further research is
needed to assess its applicability to other languages.
We expect the introduced judgments to be flexibly
adaptable across languages.

To obtain reliable offensive language judgments
on our dataset, we designed a refined experimental
framework. Although alternative choices, such as
different models and prompt configurations, might
further improve the results, we focused on analyti-
cal evaluation using established offensive language
detection methods that do not require ground truth.
We leave the development of a tailored method for
complex political discourse for future work.

Ethics Statement

In releasing a dataset that contains offensive lan-
guage, we explicitly state that it must not be used
to deliberately target specific individuals or groups.
We intended the dataset to support research on the
detection and interpretation of offensive language,
and this purpose will be clearly defined. Given the
nature of online comments, the dataset includes
references to political figures and parties. While
this aspect aligns with existing offensive language
datasets, it raises important questions about how
such references affect perceptions of offensiveness,
which require further discussion in the context of
contemporary discourse.
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A Further Details in
Constructing PoliticalK.O

Since the target news platform has recorded the
highest user traffic in South Korea, the initial vol-
ume of collected comments was exceptionally large.
To include only comments of appropriate length,
we examined the length distribution across the five
Korean offensive language datasets used in this
study. The analysis showed that the shortest and
longest 10% of comments averaged 11.8 and 85.2
characters. Accordingly, we filtered the comments
ranging from 12 to 85 characters in length. The re-
sulting distributions of news articles and comments
are provided in Table 5, revealing clear variations
in volume by topic and publication date11.

B Further Details in
Offensive Language Judgments

B.1 Supervised Ensemble Judgment
Selection of PLMs We selected RoBERTa12 for
its multilingual configuration and consistent perfor-
mance on Korean tasks. We also referred to previ-
ous study indicating that KcBERT13, pre-trained on
noisy text such as online comments, is effective in
classifying similarly noisy inputs (Yu et al., 2024).

Statistics from prior datasets All offensive lan-
guage datasets used in this study showed label im-
balance, with detailed statistics provided in Table 6.
We observed that nearly all datasets contained a
significantly higher proportion of non-offensive la-
bels. To mitigate the potential impact of issue on
unseen comments, we re-split the train, valid, and
test sets of each dataset into an 8:1:1 ratio, ensuring
an equal distribution of offensive and non-offensive
labels across all subsets.

Fine-tuning setup & results We trained 12 lay-
ers of each model with a dropout rate of 0.1, op-
timizing with AdamW at learning rates of {1e-5,
2e-5, 3e-5} for 5 epochs14. To select the best model,
we evaluated both the checkpoint with the lowest
validation loss and the final epoch, and chose the
one that yielded the highest F1 score.

The best-performing results for each offensive
language dataset are presented in Table 7. We ob-

11Notably, December 2024 saw a sharp increase in political
news coverage and comment activity, largely due to public
debate over the presidential declaration of martial law.

12https://huggingface.co/FacebookAI/
xlm-roberta-base

13https://huggingface.co/beomi/kcbert-base
14When we extended to 10 epochs in an effort to improve

performance, this resulted in overfitting to the training data.

served that the optimal conditions for achieving the
highest score varied across the datasets. To ensure
robust prediction on unseen comments in Politi-
calK.O , we selected the best-trained model for
each dataset as best_modeli in Algorithm 1.

B.2 Prompt-variants Ensemble Judgment

Selection of LLMs The LLMs used in this study
were pre-trained from scratch on large-scale Ko-
rean datasets, without leveraging weights from ex-
isting models. Exaone15 was released in December
2024, followed by Trillion16 and HyperclovaX17

in March and April 2025, respectively. We set the
temperature to 0 and utilized the vLLM library to
ensure efficient inference (Kwon et al., 2023).

Details in Summ prompt We provided a three-
sentence summary of each corresponding article,
including its title and content. The summarization
followed a zero-shot setting informed by prior stud-
ies (Chhabra et al., 2024; Zhang et al., 2024), with
temperature 0.3 and top_p 0.5 identified as op-
timal parameters for generating informative out-
puts (Houamegni and Gedikli, 2025).

We conducted an evaluation to assess the quality
of the summaries. Following the prior studies (Jia
et al., 2023; Gao et al., 2023), each summary was
rated on a 1-5 Likert scale based on its factual
alignment with the source article. We implemented
a self-assessment framework where the model eval-
uated the consistency of its own outputs.

The evaluation results of article summaries are
reported in Table 8. Both Trillion and HyperclovaX
scored in the upper 4-point range, while Exaone
scored slightly lower but still close to 4. Although
HyperclovaX exhibited a higher standard deviation,
this is reasonable given its 1.5B parameters com-
pared to the 7B of the other models.

Details in FewShots prompt Given the potential
impact of labeled samples on the few-shot learn-
ing (Bragg et al., 2021), we define the pseudo-label
annotation criteria used in this study. Comments
containing critical language without explicit pro-
fanity were not labeled as offensive if they reflected
personal opinions rather than targeting specific in-
dividual or groups18. We sampled user comments

15https://huggingface.co/LGAI-EXAONE/EXAONE-3.
5-7.8B-Instruct

16https://huggingface.co/trillionlabs/
Trillion-7B-preview

17https://huggingface.co/naver-hyperclovax/
HyperCLOVAX-SEED-Text-Instruct-1.5B

18While sensitive language can affect labeling decisions
from a broader perspective, we focused on the factual context
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Topics Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Total

Presidential Office
(1,647 /

118,499)
(643 /

40,031
(544 /

29,618)
(911 /

67,654)
(949 /

52,487)
(388 /

25,949)
(797 /

48,648)
(1,072 /
57,982)

(1,040 /
71,859)

(738 /
42,551)

(1,119 /
90,794)

(3,425 /
390,653)

(13.2k /
1.03m)

National Assembly
/ Political Parties

(2,679 /
244,407)

(1,661 /
130,922)

(2,158 /
173,336)

(1,500 /
142,668)

(2,437 /
149,724)

(2,421 /
167,195)

(2,875 /
174,197)

(2,713 /
146,288)

(2,148 /
144,711)

(2,471 /
138,529)

(2,622 /
171,974)

(6,403 /
653,247)

(32.0k /
2.43m)

North Korea
(249 /

15,340)
(70 /

1,977)
(57 /

2,333)
(34 /

1,243)
(43 /

1,738)
(319 /

15,744)
(52 /

1,023)
(106 /
4,340)

(143 /
4,566)

(353 /
16,341)

(192 /
3,943)

(100 /
7,907)

(1.7k /
76.4k)

Administration
(162 /
4,708)

(16 /
359)

(20 /
1,465)

(9 /
146)

(28 /
1,235)

(78 /
3,219)

(23 /
356)

(30 /
1,922)

(35 /
989)

(57 /
2,189)

(23 /
882)

(112 /
7,667)

(0.5k /
25.1k)

National Defense
/ Foreign Affairs

(130 /
5,126)

(53 /
1,775)

(82 /
2,829)

(64 /
1,495)

(221 /
9,347)

(208 /
8,656)

(96 /
2,773)

(173 /
5,613)

(155 /
7,325)

(110 /
3,917)

(178 /
8,483)

(607 /
35,451)

(2.0k /
92.7k)

General Politics
(7,054 /

672,500)
(5,734 /

489,416)
(7,086 /

572,271)
(4,849 /

495,238)
(961 /

72,292)
(3,272 /

253,428)
(4,427 /

311,983)
(5,001 /

329,824)
(4,362 /

336,104)
(4,398 /

273,979)
(5,203 /

389,716)
(12,655 /

1,422,883)
(65.0k /
5.61m)

Total
(11.9k /
1.06m)

(8.1k /
0.66m)

(9.9k /
0.78m)

(7.3k /
0.70m)

(4.6k /
0.28m)

(6.6k /
0.47m)

(8.2k /
0.53m)

(9.0k /
0.54m)

(7.8k /
0.56m)

(8.1k /
0.47m)

(9.3k /
0.66m)

(23.3k /
2.51m)

(114k /
9.28m)

Table 5: Overview of the total number of political news articles and corresponding comments collected from the
Naver in 2024. The values on the left and right represent the number of articles and comments, respectively.

Prior Datasets Collection Period Label Distribution Volume
K-Haters July – August 2021 18.06 : 81.94 192.1k
KODOLI October – December 2020 34.62 : 65.38 38.5k
KoLD March 2020 – March 2022 4.95 : 95.05 40.4k
K-MHaS January 2018 – June 2020 45.65 : 54.35 109.6k
UnSmile January 2019 – June 2020 65.06 : 24.94 18.7k
PoliticalK.O January – December 2024 in Table 1 9.28m

Table 6: Comparison of existing and proposed offensive
language datasets by key characteristics The label dis-
tribution values (left : right) represent the proportion of
(offensive : non-offensive) labels.

Prior
Datasets

RoBERTa KcBERT
Best

(epoch, lr)
Acc F1 Best

(epoch, lr)
Acc F1

K-Haters 5, 1e-5 81.68 75.72 5, 1e-5 83.49 77.76
KODOLI 5, 1e-5 89.38 88.07 5, 2e-5 91.22 90.24
KoLD 5, 2e-5 80.21 80.20 4, 1e-5 83.84 83.84
K-MHaS 4, 1e-5 87.51 87.35 5, 1e-5 89.90 89.82
UnSmile 4, 2e-5 84.16 77.86 4, 2e-5 87.57 83.30

Table 7: Performance on the re-split test sets of five prior
offensive language datasets under optimal conditions.

from news articles published in January and Febru-
ary 2025, ensuring no overlap with the dataset col-
lection period. To mitigate the impact of noise on
label predictions (Chen et al., 2023), we corrected
the grammar of the sample comments, allowing for
a more focused assessment of their offensiveness.

The samples for each topic are provided in Ta-
bles 10-15. Expressions like brainwashed sheeple
and blind and deaf in Table 10 reflect extreme
language. Similarly, phrases such as They’re so

‘brilliant’ it’s terrifying for our future. in Table 15
may seem innocuous but convey strong sarcasm
targeting a specific group. In contrast, comments
that expressed criticism without targeting someone
were labeled as non-offensive.

of political discourse, where certain expressions of personal
stance are considered acceptable.

Topics Exaone Trillion HyperclovaX
Presidential Office (3.96, 0.41) (4.75, 0.48) (4.86, 0.64)
National Assembly
/ Political Parties

(3.98, 0.31) (4.73, 0.48) (4.84, 0.72)

North Korea (4.02, 0.29) (4.76, 0.45) (4.85, 0.68)
Administration (3.98, 0.39) (4.73, 0.53) (4.82, 0.78)
National Defense
/ Foreign Affairs

(3.97, 0.37) (4.69, 0.55) (4.86, 0.67)

General Politics (4.00, 0.31) (4.75, 0.45) (4.86, 0.66)

Table 8: Summary consistency scores (mean, standard
deviation) based on self-assessments by each model.

Prior
Datasets

Exaone Trillion HyperclovaX
Acc F1 Acc F1 Acc F1

K-Haters 82.05 73.66 78.04 73.96 77.59 69.17
KODOLI 76.09 75.54 81.62 80.08 76.09 74.89
KoLD 80.95 80.81 77.96 77.72 74.79 74.75
K-MHaS 66.32 64.32 77.75 77.64 70.32 69.92
UnSmile 85.92 78.98 84.90 80.90 79.46 73.49
Avg 78.26 74.66 80.05 78.06 75.65 72.44

Table 9: Performance on the re-split test sets of five prior
offensive language datasets under different LLMs.

B.3 Multi-debate Reasoning Judgment
Model selection This judgment requires five inter-
connected inferences per comment, and due to the
scale of our dataset, applying it across all models
would be prohibitively time-consuming. To identify
the most suitable model, we evaluated the detection
performance of three LLMs using a Vanilla prompt
on existing offensive language datasets. The results
are provided in Table 9.

Trillion achieved an average F1 score of 78.06
and was selected as the primary model for our main
analysis. However, its performance remained below
that of the fine-tuned PLM under optimal condi-
tions (Table 7). This underscores the limitations
of even recent LLMs in zero-shot settings and the
need for tailored detection methods.
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Sample Comments Label
계엄은대통령의권한이다.계엄을내란이란떠들고범죄라고떠드는놈들은공산주의좌파놈들과공산좌파언론에속은개돼지들틀림없다.

(Martial law is the President’s prerogative.
Anyone screaming that it’s rebellion or calling it a crime is nothing but a brainwashed sheeple, duped by the commie-left and their media puppets.)

Offensive

윤석열이 1년넘게계엄을입에담았다는데용산종자들이시각장애우나청각장애우도아니고몰랐을리가있겠느냐
전원출국금지시키고내란공범여부를철저하게조사해야한다.
저런것들은없어도나라돌아가는데아무지장없다.시사평론가장모씨말로는요즘은출근해서유튜브나본다고하더만.

(They say Yoon’s been talking about martial law for over a year — do you really think the cronies in Yongsan were blind and deaf the whole time?
They all need travel bans and a full investigation into whether they were co-conspirators in treason. Honestly, we’d be better off without these people.
According to political commentator Mr. Jang, they don’t even work anymore — just sit around watching YouTube all day.)

Offensive

윤석열계엄이나전부사직으로막았어야지,헌법재판관임명반대가더중요해?
(Yoon Suk-yeol should’ve stopped this with martial law or by forcing everyone to resign.
You’re telling me opposing a Constitutional Court appointment was more important?)

Non-offensive

세금이아깝다.사표를수리하고,내란동조관련혐의는철저히수사해야한다.
비서실장이계엄을몰랐을리없다.정진석도한덕수처럼윤석열에게코꿰어어쩔수없이지지하는것처럼보인다.

(What a waste of taxpayers’ money. Their resignations should be accepted, and there must be a thorough investigation into charges of aiding an insurrection.
There’s no way the Chief of Staff didn’ t know about the martial law plans.
Jeong Jin-seok is starting to look just like Han Duck-soo — hooked by Yoon and left with no choice but to support him.)

Non-offensive

Table 10: Few-shot samples used for the comments under the topic Presidential Office.

Sample Comments Label
그러니까니가공화당따위대표나하고앉아있는거야.

(That’s exactly why you’re stuck as the so-called leader of some wannabe Republican knockoff.)
Offensive

국힘이잘해서지지하는게아니고리재명이싫어서할수없이견제하는거다.정치인다정신차려야된다.
(People aren’t supporting the PPP because they’re doing a great job
— they just can’t stand Lee Jae-myung, so they’re backing them as a necessary evil. Every politician needs to snap out of it.)

Offensive

저인간,전에국회에서난리치려다가끌려나간인간이었지아마?
(Wasn’t that guy the one who tried to cause a scene in the National Assembly and ended up getting dragged out?)

Non-offensive

맞음국민의힘지지율은국민의힘지지율이라기보다윤석열대통령복귀를위한지지율임고로배신때린자들은대권생각마셈.
(Exactly. The support ratings for the People Power Party aren’t really about the party — they’re basically a proxy for backing President Yoon’s return.
So anyone who stabbed him in the back shouldn’t even dream of running for president.)

Non-offensive

Table 11: Few-shot samples used for the comments under the topic National Assembly / Political Parties.

Sample Comments Label
공산주의자와는대화가안된다.우리가핵무기 10개만있으면대화하자고나올거다.트럼프는순진한가나?바보인가?

(There’s no talking with communists. But if we had just ten nukes, they’d be the ones begging to negotiate.
What, was Trump just being naive? Or straight-up stupid?)

Offensive

공산주의놈들신났네.역시사상과이념이공산주의라트럼프가만나준다니까?아주좋아죽네.공산주의놈들아니들은사상이문제야사상이.
김정은한테욕한번해봐라.못하지?김정은이그리좋으냐?우리동포들이지금도굶어서죽는다.이공산주의놈들아.

(The commie bastards must be thrilled. Of course they’re loving it — Trump’s actually agreeing to meet with them. Typical of their twisted ideology.
Hey, why don’t you try cursing out Kim Jong-un once? Can’t do it, can you? You love that dictator so much?
Our fellow Koreans are still starving to death, and you commie scum sit there grinning. It’s your rotten ideology — that’s the real problem.)

Offensive

이제정은이가콧대높아져서남한은쳐다도안보겠네잘됐네.우리우파는이럴수록더뭉칩시다.
(Now that little Jung-eun’s gotten all high and mighty, he probably won’t even bother looking South anymore.
Good riddance. This is exactly when we conservatives need to stand even stronger together.)

Non-offensive

헛물켜지마라.자고로미국은결정적일때우리를버렸다.비단미국만이아니다.지금우크라이나를봐라.힘없는나라는평화도없다.
물론미국에게고마운것도많지만우리가이뻐서도와주는것만은아님을누구나다아는사실이다.
진영상대를적으로만대하지말고인정하고빨리국력을키워야한다.

(Don’t get your hopes up. History shows the U.S. always bails when it really matters. And it’s not just the U.S.
— look at Ukraine. Weak countries don’t get peace. Sure, we owe the U.S. a lot, but let’s not kid ourselves — they’re not helping us out of love.
Everyone knows that. Instead of treating political opponents like enemies, we should acknowledge reality and focus on building national strength.)

Non-offensive

Table 12: Few-shot samples used for the comments under the topic North Korea.
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Sample Comments Label
생각이라는게있긴한거임?국무위원들을그냥지졸개정도로생각했겠지모지란것이.

(Do you even have the ability to think? You probably saw the cabinet ministers as nothing more than clueless flunkies — typical of someone that dim.)
Offensive

계엄자체가정상이아닌데무슨윤수괴한테정상적인것을기대하냐.친일도계몽이라는놈한테무슨정상적인절차가있었겠냐.
(Martial law itself is completely abnormal — why would anyone expect anything normal from Yoon the Tyrant?
The guy who called Japanese colonialism ’enlightenment’ — you think he cares about following due process?)

Offensive

어찌되었든계엄은잘못된거라고생각한다.윤석열씨는내려오는게맞다고생각한다.
(Regardless of the details, I believe declaring martial law was wrong. Yoon Suk-yeol should step down.)

Non-offensive

계엄은대통령과국방장관이계획했고,결심권자는대통령이고,국무회의는형식상의절차였고,국무위원은의결권이없고,의견발언권만있다.
계엄은합법이고,설령위법성이있다하여도,대통령은사소한법위반으로기소되지않는특권이있다.나는대통령의비상계엄을지지한다.

(Martial law was planned by the President and the Defense Minister. The final authority rests solely with the President.
The cabinet meeting was just a formality — ministers don’t have voting power, only the right to express opinions.
Martial law is legal. And even if some legal issues arise, the President is constitutionally immune from prosecution over minor violations.
I fully support the President’s emergency martial law declaration.)

Non-offensive

Table 13: Few-shot samples used for the comments under the topic Administration.

Sample Comments Label
간첩이득실대고있는데민주건달들은무슨짓을하고있는거냐?

(While spies are crawling all over the place, what the hell are these Demo-thugs even doing?)
Offensive

1억받고中에블랙요원신상넘긴군무원?혹시더듬이당당원인지한번까봐라.
(A military official who sold out a black agent’s identity to China for a hundred million won? Someone check if he’s a member of the Stammering Party.)

Offensive

국가분열행위,방산비리인데재산몰수후,사형이맞지않나?
(This is an act of treason and a massive defense corruption scandal — shouldn’t the punishment be asset seizure and the death penalty?)

Non-offensive

정말나라기강이다무너지고있다.사태가이지경인데민주당은왜간첩법거부하는가?정말이해할수없다.
(The entire moral fabric of the nation is collapsing.
Things are in total chaos, and yet the Democratic Party is rejecting the Anti-Spy Law? I just can’t make sense of it.)

Non-offensive

Table 14: Few-shot samples used for the comments under the topic National Defense / Foreign Affairs.

Sample Comments Label
경기지사면지사답게도정에만좀제발좀신경써라.뭐임방한다고나와서떠드냐.

(If you’re the governor of Gyeonggi Province, then act like one and focus on running the province.
Why the hell are you out here livestreaming and ranting like an influencer?)

Offensive

돈만찍어내서뿌려대고서민경제살렸다며,
자신들이지운빚은지들죽은뒤의미래세대에물려주는존나유능한진보가민주당.너무유능해서미래가걱정된다.

(The oh-so-‘competent progressives’ of the Democratic Party keep printing money,
throwing it around, and patting themselves on the back for ‘saving’ the economy
— all while dumping the debt they created on future generations after they’re long gone. They’re so ‘brilliant’ it’s terrifying for our future.)

Offensive

보수냐진보냐그게중요한것이아니야.이성적으로판단하고세상을사는것이답이야.이념탓만하니나라꼴이이러지.
(It’s not about being conservative or progressive — what really matters is thinking rationally and living with common sense.
This obsession with ideology is exactly why the country’s such a mess.)

Non-offensive

유능한진보건,중도보수건일잘하고국민삶윤택해지면최고다!청년일자리,미중패권전쟁에서국익지키는것,
출산율저하로미래대한민국존립성위태로움극복도큰과제.또한대북리스크줄이는것도코리아디스카운트줄이는큰과제일것이다!

(Whether it’s competent progressives or moderate conservatives, what matters is results — improving people’s lives.
We need to create jobs for young people, protect our national interests in the U.S.-China power struggle,
and tackle the existential threat posed by declining birthrates. Reducing the North Korea risk is also key to ending the ‘Korea Discount’ once and for all.)

Non-offensive

Table 15: Few-shot samples used for the comments under the topic General Politics.
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C Further Experimental Results in
Three Main Judgments

C.1 Evaluating Judgments on Ground Truth

We conducted human annotation on a subset to
evaluate the performance of each judgment against
actual ground truth, involving five university grad-
uates who labeled 20 comments across six top-
ics, totaling 120 comments each. Annotators were
provided with labeling criteria detailed in Ap-
pendix B.2 and example annotations from Ta-
bles 10-15. We then aggregated their results via
majority voting to derive final labels used as ground
truth. The Krippendorff’s α was 0.62, indicating
moderate agreement among human raters.

The evaluation results of each judgment on a
human-annotated subset are presented in Table 16.
While PEJ achieved the highest performance in our
main analysis, SEJ slightly outperformed it when
evaluated against ground truth. This suggests that
the offensive language datasets used in SEJ may
align closely with the labeling criteria adopted in
our study. Although these results are based on only
0.001% of the dataset due to the limited scale of hu-
man annotation, we observed a consistent trend of
higher scores across all judgments when evaluated
using ground trust†. This implies that follow-up
analyses should consider the potential overestima-
tion introduced by judgment-based automated eval-
uations.

Each Judgment Acc P R F1
ground truth 65.83 74.02 73.16 65.81

SEJ
ground trust† 86.66 80.15 90.10 82.95
ground truth 55.00 71.87 65.38 53.96

PEJ
ground trust† 97.50 96.87 95.47 96.15
ground truth 51.66 71.00 62.82 49.98

MRJ
ground trust† 90.83 88.50 82.42 84.95

Table 16: Evaluation of each judgment on a human-
annotated subset using both ground truth and ground
trust† for all topics.

C.2 MRJ on Other Models

We applied MRJ to the subset corresponding to May
2024 that contains 0.28 million comments, using
Exaone and HyperclovaX with the analysis pre-
sented in the Table 17. Both Exaone and Trillion
predicted a higher proportion of offensive labels,
whereas HyperclovaX showed a lower rate, around
50%. While HyperclovaX exhibited a comparable
overlap ratio to other models with SEJ, its ratio with
PEJ was notably lower, suggesting that prompt- and

debate-level consistency may be more limited in
smaller models.

Models Label
Distribution

PEJ

⇌ MRJ

MRJ

⇌ SEJ

Pairwise Label Overlap Ratio
Exaone 85.39 : 14.60 87.00 69.97
Trillion 81.70 : 18.29 83.91 69.85
HyperclovaX 50.39 : 49.60 64.56 66.73

Table 17: Label distribution and pairwise label overlap
ratio using MRJ on a subset across all models and topics.

C.3 Case Study
The agreement examples for each judgment are
provided in Table 18. Cases uniquely labeled as
non-offensive by SEJ often lacked explicit profan-
ity, but the LLM-based approach appears to have
classified them as offensive depending on context.
For PEJ, comments conveying implicit hostility
toward hardcore supporters were still labeled non-
offensive. Lastly, non-offensive judgment by MRJ
typically involved personal political opinions that,
upon an objective perspective, exhibited no clear
signs of offensiveness. These cases illustrate the
varying interpretations that can arise from different
judgment criteria, even for the same comment.

SEJ PEJ MRJ

Non-off Off Off
도대체국민 70%가찬성하는김건희특검은
거부하면서공정과상식은어디에있는지?

(So they reject a special investigation into Kim Keon-hee
that 70% of the public wants, do they still

have the nerve to talk about fairness and common sense?)
SEJ PEJ MRJ

Off Non-off Off
여야강성들만보고정치하면망하는지름길이다.

(When you let only the hardcore supporters
from both sides shape your politics,

you’re setting yourself up for failure.)
SEJ PEJ MRJ

Off Off Non-off
자기당과대통령망하라고여론전하는인간이여기있네.

(Funny how he’s out there pushing narrative
that make it look like

he wants his own party and president to fail.)

Table 18: A case study uniquely identified as non-
offensive by each judgment. Off and Non-off denote
offensive and non-offensive, respectively.
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D Prompt Constructions

• The following prompts are used in our
prompt-variants ensemble judgment (PEJ).

## system
Your task is to classify whether the given comment
on Korean political news articles is offensive.

## user
If Defn{

Offensive language refers to words or expressions
intended to insult, harm, or belittle individuals or
groups. Especially in the context of Korean political
discussions, this includes:
- Insulting, derogatory, or combative language

that may be directed at political figures, parties, or
ideologies.
- Discriminatory language based on political

affiliation, race, religion, gender, or other personal
attributes.
- Sarcastic or harmful humor that may target

political beliefs, parties, or individuals in a
demeaning way.
- Incitement of violence or hatred against political

opponents, minority groups, or societal institutions.
- Misinformation or harmful narratives that spread

unverified or damaging political views, especially in
a divisive or inflammatory manner.
}
If Summ{

The following sentences are a summary of the
original article on which the comment was posted.

Summary: {summary of the source article}
}
If FewShots{

You may refer to the following examples.

Comment: {sample comment under the same topic
with target comment}

Label: {sample pseudo-label under the same topic
with target comment}

...
Comment: {sample comment under the same topic

with target comment}

Label: {sample pseudo-label under the same topic
with target comment}
}
If V anilla{

Please classify whether the comment is offensive
or not. Respond with only "yes" or "no", without
any explanations.

Comment: {target comment}

Label:
}

• The following prompts are used in the Summ
prompt for summary generation and evalua-
tion to each model.

## Summary generation
## system
Your task is to provide consistent summaries of

Korean political news articles.

## user
Based on the following title and content, please

summarize the news article in three sentences.

Title: {title of the source article}

Content: {content of the source article}

Summary:

## Summary evaluation
## system
Your task is to evaluate how well the given

summary reflects the content of Korean political
news articles.

## user
Please score the following summary for its

consistency with the corresponding article on a scale
from 1 to 5, without any explanations. Consistency
refers to how much of the information in the
summary is actually present in the source article. A
score of 5 means that all statements in the summary
are fully supported by the article, while a score of 1
means the summary does not reflect the article at all.

Summary: {summarized article}

Source Title: {title of the source article}

Source Content: {content of the source arti-
cle}

Score:
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• The following prompts are used in our
multi-debate reasoning judgment (MRJ).

## Persona alignment for LLMO (LLMN)
## system
You argue that the given comment from Korean

political news is offensive (non-offensive), and
provide a clear justification based on linguistic and
contextual cues.

## user
Please classify whether the comment is offensive

or not. Respond with only "yes" or "no", without
any explanations.

Comment: {target comment}

Label:

## assistant
{yes (no)}

## Rationale generation
## user
You think the comment is offensive (non-offensive).

The following sentences are a summary of
the original article on which the comment was
posted.

Summary: {summary of the source article}

Based on the context, given a reason why
you think the comment is offensive (non-offensive).
Please do so in one sentence.

Reason:

## Discuss on each side
## system
You argue that the given comment from Korean

political news is offensive (non-offensive), and
provide a clear justification based on linguistic and
contextual cues.

## user
You have to consider the given comment.

Comment: {target comment}

Your argument about this comment:
{rationaleO (rationaleN)}

The non-offensive (offensive) side’s argu-
ment about this comment:

{rationaleN (rationaleO)}

Based on your argument, agree or rebut the
non-offensive (offensive) sides’ argument and
explain your reason. Please do so in one sentence.

Stance:

## Final judgment
## system
Your task is classify whether the given comment

on Korean political news articles is offensive.
You should consider both sides, offensive and
non-offensive, fairly to maintain a balanced
perspective.

## user
As a judge, assess the debaters’ arguments and

stances based on the following criteria, "How well
they capture the non-offensiveness or offensiveness
of the comment". Consider both sides fairly to
maintain a balanced perspective and make a broad
judgment.

The offensive side’s argument: {rationaleO}
The non-offensive side’s argument: {rationaleN}

The offensive side’s stance: {stanceO}
The non-offensive side’s stance: {stanceN}

Please classify whether the comment is of-
fensive or not. Respond with only "yes" or "no",
without any explanations.

Comment: {target comment}

Label:
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