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Abstract

We present a unified approach to detecting
harmful content in German social media, de-
veloped for the GermEval 2025 Shared Task:
Harmful Content Detection in Social Media
(Felser et al., 2025). Our system addresses
all three subtasks—(1) calls to action incit-
ing harmful acts (C2A), (2) violence glori-
fication (VIO), and (3) attacks on the free
democratic basic order (DBO)—using a sin-
gle ensemble-based framework. We fine-tuned
a three-model ensemble (GBERT-large, XLM-
RoBERTa-base, and DeBERTa) for each sub-
task and aggregated their predictions through
soft-voting. To mitigate severe class imbal-
ance in the training data, we augmented the
dataset with synthetic examples and manually
relabeled instances for minority classes, and
applied oversampling during training. This uni-
fied modeling approach achieved strong perfor-
mance in the official evaluation: our system
obtained macro-F1 scores up to 0.83, ranking
1st in the DBO subtask, 3rd in C2A, and 4th in
VIO.

1 Introduction

Harmful online content has evolved beyond generic
hate speech to include nuanced categories such as
explicit calls to action (incitements), violence glo-
rification, and attacks on democratic institutions.
These forms of content pose serious risks: direct
calls to violence can spur real-world harm, and
anti-democratic narratives erode public trust in so-
cietal structures. In response, the GermEval 2025
Shared Task on Harmful Content Detection in So-
cial Media (Felser et al., 2025) introduced three
focused subtasks for German: detecting calls to
action inciting harmful acts (C2A), violence glori-
fication (VIO), and attacks on the free democratic
basic order (DBO). All task datasets consist of Ger-
man Twitter posts from an extremist network col-
lected in 2014–2016, providing a realistic testbed

for these phenomena. Each subtask targets a dis-
tinct semantic layer of harmful discourse: C2A de-
tection hinges on recognizing illocutionary intent
(when users urge others to act), VIO involves iden-
tifying rhetoric that praises or justifies violent acts,
and DBO requires spotting ideological content that
undermines fundamental democratic values. These
phenomena are often subtle; for example, a post
may implicitly praise violence via humor or histor-
ical reference, making them challenging to identify
automatically.

A key difficulty across all three categories is ex-
treme class imbalance. In these datasets, harmful
posts are vastly outnumbered by benign content
(only ∼7–10% of instances are positive in C2A
and VIO, and under 1% in the most severe DBO
category). This imbalance can lead classifiers to
overlook the rare but critical positive instances. An-
other challenge is pragmatic ambiguity: whether a
message is a dangerous incitement or merely hy-
perbolic sarcasm often depends on subtle context
and connotation. Effective solutions thus need to
capture context, intent, and domain-specific cues
without being overwhelmed by the majority class.

In this paper, we propose a unified ensemble-
based method to tackle all three subtasks. Our
approach fine-tunes three complementary Trans-
former models (GBERT-large, XLM-RoBERTa-
base, and DeBERTa) for each task and combines
their outputs through soft-voting (probability av-
eraging) to produce robust predictions. By lever-
aging a monolingual German model alongside a
multilingual model and an advanced Transformer
architecture, the ensemble captures both language-
specific nuances and generalizable patterns. We
also address the class imbalance via targeted data
augmentation and resampling: generating synthetic
minority-class examples and adding a handful of
manually relabeled misclassified posts, then over-
sampling the minority classes during training. Us-
ing this strategy, our unified system achieved strong
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performance across all three GermEval 2025 sub-
tasks. To support reproducibility, we have made the
full implementation publicly available in a GitHub
repository.1

After presenting the current state of the liter-
ature on harmful content detection in Section 2,
Section 3 introduces the dataset used in this work.
Section 4 then details our unified transformer en-
semble methodology and the data augmentation
strategies employed. Section 5 presents and dis-
cusses the experimental results, and Section 6 con-
cludes the paper with a summary of our findings
and some directions for future work.

2 Related Work

Ensemble Methods for Harmful Content Detec-
tion: Ensemble classifiers have become standard in
hate speech detection, as combining multiple mod-
els helps capture diverse abusive language cues
and improves robustness. Transformer-based en-
sembles in particular have achieved state-of-the-art
results in hate/offensive content tasks (e.g., win-
ning entries in HASOC and SemEval challenges
(Glazkova et al., 2021; Wiedemann et al., 2020)).
Recent studies show that ensembling models em-
phasizing different facets of toxic content can yield
further gains over single models (Kucukkaya and
Toraman, 2025). Hybrid architectures mixing trans-
formers with other classifiers likewise enhance per-
formance by leveraging complementary strengths
(Mazari et al., 2024). These findings establish en-
sembling as an effective strategy for complex con-
tent moderation tasks.

Handling Class Imbalance: Harmful content
datasets are typically highly imbalanced, with gen-
uine toxic instances vastly outnumbered by benign
content. Without mitigation, classifiers tend to
predict the majority class, missing rare but criti-
cal cases. Data-level solutions such as oversam-
pling minority classes or generating synthetic ex-
amples have been shown to improve the learning of
under-represented classes (Yuan and Rizoiu, 2025;
Achmann-Denkler et al., 2024). Algorithm-level
techniques like class weighting or focal loss (Zhang
et al., 2024) also help by biasing the model to-
ward rare categories. In practice, top systems of-
ten combine these approaches: for example, the
winning GermEval 2021 toxicity system applied
aggressive upsampling and cost-sensitive training
to boost minority-class recall (Risch et al., 2021).

1https://github.com/hannakoepcke/germeval2025

Guided by these insights, we employ oversampling
and weighted loss to counter class imbalance in our
models.

Multilingual and Multi-Task Modeling: Cross-
lingual approaches leverage multilingual transform-
ers (e.g., mBERT (Devlin et al., 2019), XLM-
RoBERTa (Conneau et al., 2020)) to transfer knowl-
edge from high- resource language corpora to
lower-resource languages like German, improving
toxic content classification (Muller et al., 2021; Cal-
izzano et al., 2021). At the same time, language-
specific models often better capture cultural nu-
ances in abusive content (Zeinert et al., 2021).
Multi- task learning across related content mod-
eration tasks can also boost performance by shar-
ing representations of “harmfulness” between tasks
(Morgan et al., 2021; Ghosh et al., 2023). In this
work, we opt for a simpler unified framework: we
fine-tune separate models for each subtask and en-
semble their predictions, avoiding the complexity
of a multi-task model.

Datasets and Evaluation: The research commu-
nity has developed numerous datasets and bench-
marks for harmful content, though resources for
fine-grained categories such as DBO or violence
glorification are still limited. For German, the Ger-
mEval 2018 shared task (Wiegand et al., 2019)
released a corpus of approximately 5,000 tweets
annotated for offensive language in both coarse-
and fine-grained categories, establishing the first
German benchmark for hate speech and profanity
detection. The GermEval 2019 shared task (Struß
et al., 2019) extended this resource substantially
by providing a corpus of about 18,000 similarly
annotated tweets. The HASOC (Hate Speech and
Offensive Content) track further provided German
data in 2019–2022, covering hate, offensive, and
profane content in a multilingual setting (Modha
et al., 2019; Mandl et al., 2020, 2021; Modha et al.,
2022). More recently, specialized datasets have
emerged for specific harmful facets: (Krenn et al.,
2024) compiled GERMS-AT, ∼8k German news
comments annotated for sexism, to enable research
on misogyny detection in German. The VioLence
corpus (Saha et al., 2023) targets violence-inciting
texts. The GermEval 2025 shared task fills an im-
portant gap by providing focused datasets for in-
citement (C2A), violence glorification (VIO), and
anti-democratic content (DBO) in German.
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Subtask Train Trial Test
C2A 6,840 1,051 2,982
DBO 7,454 1,053 3,194
VIO 7,783 1,051 3,335

Table 1: Number of instances in the GermEval 2025
dataset per subtask. Test labels were not provided during
the competition.

3 Dataset

For a detailed description of the tasks and datasets,
see (Felser et al., 2025). The shared task provided
three datasets corresponding to the subtasks C2A,
DBO, and VIO, each split into training, trial (de-
velopment), and test sets, as shown in Table 1. The
training sets contain roughly 7–8 k posts each, the
trial sets around 1 k posts, and the test sets about 3 k
posts with labels withheld for evaluation. All data
consists of German tweets from a far-right extrem-
ist network collected between 2014 and 2016, writ-
ten in informal style with frequent slang, spelling
variations, emojis, and social-media markers such
as hashtags, @mentions, and URLs. C2A and
VIO are binary classification tasks, with positive
instances being very scarce – only about 9–10%
of training posts in C2A and around 7% in VIO
are labeled TRUE. DBO is a four-class task with
the labels nothing, criticism, agitation, and subver-
sive and is extremely skewed: the majority nothing
class comprises roughly 84% of training examples,
while the rare subversive class accounts for less
than 1%. Figure 1 illustrates the class distribution
in the training set for each subtask, highlighting
these imbalances. The trial sets were constructed
as stratified samples of the training data to give
participants insight into the data structure, so their
class proportions mirror those of the training set
and are therefore not shown separately.

4 Methodology

Our approach consists of fine-tuning transformer-
based classifiers for each subtask and then combin-
ing their predictions through a soft-voting ensem-
ble. We address the severe class imbalance in all
three subtasks by a combination of oversampling
and data augmentation. Below, we detail our train-
ing pipeline and the iterative refinement steps we
took to improve performance:

4.1 Baseline Model Training
For each task (C2A, DBO, VIO), we fine-tuned pre-
trained transformer models on the task’s training
data. Each model contributes unique advantages in
terms of language coverage or architecture:

• GBERT-large (Chan et al., 2020): a BERT-
large model trained exclusively on extensive
German corpora. As a monolingual Ger-
man language model, GBERT-large captures
German-specific linguistic nuances, leading
to state-of-the-art performance on German-
language NLP tasks (e.g., document classifi-
cation and NER).

• XLM-RoBERTa-base (Conneau et al.,
2020): a multilingual Transformer model
based on RoBERTa, pre-trained on text from
100 languages. XLM-RoBERTa offers a broad
linguistic scope, enabling effective cross-
lingual representations. Notably, it outper-
forms the original multilingual BERT on vari-
ous cross-lingual benchmarks, with especially
strong gains for low-resource languages. This
wide language coverage makes it well-suited
for tasks involving diverse or non-English
text.

• DeBERTa (He et al., 2021): an ad-
vanced Transformer architecture (Decoding-
enhanced BERT with Disentangled Atten-
tion) that introduces novel improvements over
BERT/RoBERTa. DeBERTa employs a disen-
tangled attention mechanism, where each to-
ken is represented by separate content and po-
sition embeddings, and an enhanced mask de-
coder that incorporates positional information
more effectively during pre-training. These
architectural innovations boost model perfor-
mance and efficiency, enabling DeBERTa to
achieve state-of-the-art results on numerous
NLP benchmarks.

Each model in the ensemble brings comple-
mentary strengths: GBERT-large provides deep
coverage of German linguistic phenomena, XLM-
RoBERTa-base contributes robust cross-lingual un-
derstanding, and DeBERTa offers cutting-edge ar-
chitectural enhancements. By combining these
models, our ensemble is able to leverage both
language-specific knowledge and generalizable rep-
resentations, improving overall predictive perfor-
mance.

359



Figure 1: Class distributions across training splits for each subtask

Each model was trained with binary or multi-
class cross-entropy as appropriate. We used early
stopping on the validation (trial) set to prevent over-
fitting. The outputs of these individual models were
later combined in an ensemble by averaging their
predicted probabilities (soft voting), leveraging the
complementary strengths of different model archi-
tectures. This ensemble strategy is lightweight yet
robust, and ensemble methods have proven effec-
tive in prior hate speech tasks (Kucukkaya and
Toraman, 2025).

4.2 Handling Class Imbalance

The training data for all subtasks was highly
skewed (e.g. only 7–10% positives in C2A and
VIO, and <1% for the subversive class in DBO).
To ensure the models learned minority classes,
we applied random oversampling of the minority
class instances. Additionally, we employed a class-
weighted loss function to further bias training to-
ward the minority classes. In practice, we dupli-
cated examples from the under-represented classes
until approximately balancing the class distribution.
Importantly, any additional data (described next)
was added before oversampling was performed, so
that the oversampling procedure could incorporate
these new examples as well. By oversampling af-
ter augmentation, we ensured the final effective
training set had a more balanced mix of classes,
mitigating the bias toward predicting the majority
class.

4.3 Iterative Data Augmentation

After the initial training run, we analyzed the
model’s predictions on the test set to identify pat-
terns of errors or obvious gaps in the training data.
We found that the models struggled with some sub-
tle positive instances due to the paucity of examples.
To address this, we augmented the training set with

additional examples for each subtask, using two
strategies:

Synthetic examples via ChatGPT: For the bi-
nary subtasks C2A and VIO (calls-to-action and vi-
olence glorification), we generated new positive ex-
amples to enrich the minority class. We prompted
ChatGPT (GPT-4o) (OpenAI et al., 2024) in Ger-
man to create 100 artificial training instances la-
beled TRUE for each task, instructing it to mimic
the style and format of our data. The prompts used
for data generation were:

• VIO: „Könntest du bitte basierend auf den
Trainingsbeispielen in der angehängten Datei
100 neue Trainingsbeispiele für die Klasse
VIO = TRUE generieren? Die neuen Beispiele
sollten denselben Aufbau wie die Original-
datei haben und im CSV-Format vorliegen.“

• C2A: „Könntest du bitte basierend auf den
Trainingsbeispielen in der angehängten Datei
100 neue Trainingsbeispiele für die Klasse
C2A = TRUE generieren? Die neuen
Beispiele sollten denselben Aufbau wie die
Originaldatei haben und im CSV-Format vor-
liegen.“

The synthetic examples produced by ChatGPT
were then reviewed for plausibility and correctness
(to ensure they indeed reflected genuine calls-to-
action or violence-glorifying content). Once vetted,
we appended these 100 generated samples for VIO
and 100 for C2A to the respective training sets.
This approach of leveraging GPT-generated data
is inspired by recent studies which showed that
incorporating synthetic examples can boost per-
formance on hate speech detection (Khullar et al.,
2024; Schmidhuber and Kruschwitz, 2024; Girón
et al., 2025). By expanding the positive class with
diverse, machine-generated samples, we aimed to
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expose the model to a wider variety of subtle harm-
ful content phrases that were missing from the orig-
inal data.

Manual addition of misclassified case: For the
DBO task the model was sometimes too lenient.
Some posts that were actually clear attacks on the
democratic order (either agitational or subversive
in nature) were wrongly classified by the model as
mere “criticism.” In other words, the model failed
to recognize the extreme nature of these comments,
treating them as if they were just normal policy
critique. Through error analysis of the results on
the test set, we identified 13 such misclassified
instances.

These 13 posts contained strong anti-democratic
sentiment (for example, calls to vote out all estab-
lished parties or even references to a “revolution”
with pitchforks), yet the model had placed them
in the mild criticism category. To address this, we
manually labeled each of these posts to its appro-
priate class (e.g. reassigning them from criticism
to “agitation” or “subversive” as warranted) and
added them to the DBO training set as additional
examples. By including these cases, we reinforced
the model’s understanding of what truly constitutes
an attack on the democratic order versus what is
acceptable criticism, helping it draw a clearer line
between normal dissent and dangerous subversive
speech.

4.4 Training with Augmented Data

After augmenting the datasets as described, we re-
trained our models on the expanded training sets.
All new examples (the 100 ChatGPT-generated
positives for VIO, 100 for C2A, and 13 manually-
added DBO criticism examples) were used along-
side the original data in training. We then applied
the same oversampling procedure on this com-
bined set – oversampling the minority classes in
the augmented training data. This ensured that the
synthetic and newly added real examples were in-
cluded in the oversampling, effectively amplifying
their presence during training. The final models
therefore learned from a balanced dataset that was
both larger and more diverse than the original. We
found this iterative enhancement of training data to
be crucial: it allowed the models to correct some
of their earlier mistakes by exposing them to in-
formative new examples (both generated and hand-
labeled) in the next training round.

4.5 Ensembling and Prediction

For each task, we fine-tuned multiple augmented
models, as described above, and then used a soft-
voting ensemble to make the final predictions. Each
model in the ensemble outputs a probability distri-
bution over classes, and we average these probabili-
ties to determine the predicted label. This ensemble
prediction was applied to the test set. The combi-
nation of data augmentation, oversampling, and
ensembling yielded a noticeable improvement in
capturing the minority classes without being over-
whelmed by the majority class. In particular, aug-
menting with GPT-generated positives helped our
classifiers detect subtle incitement and violence-
glorifying cues they previously missed, and the ad-
ditional criticism examples in DBO reduced false
positives where the model had over-reacted to be-
nign critiques.

Each team could submit a maximum of three
runs. Our second run used the same ensemble con-
figuration but without any data enrichment, relying
solely on oversampling of the original training data.
This variant achieved official F1-scores of 0.84 on
C2A, 0.69 on DBO, and 0.79 on VIO. By com-
parison, our final ensemble with data enrichment
obtained 0.83, 0.71, and 0.80 on the respective
tasks. While the score for C2A showed a slight
decrease of 0.01, detailed analysis of the predic-
tions revealed the reason: between the two runs, 73
instances in the C2A test set changed predicted la-
bels, with 34 switching from FALSE to TRUE and 39
from TRUE to FALSE. The enrichment thus helped
to identify additional subtle calls to action but also
led to some previously correct positive predictions
being flipped to negative, which slightly reduced
recall and thereby the overall F1-score. Table 2
shows representative examples of these shifts.

Overall, our methodology exemplifies an itera-
tive refinement process: we start with a base trained
model, analyze its weaknesses on the data, then
address those weaknesses by expanding and re-
balancing the training data before retraining. By
doing so, we align our system with the nuanced
nature of the GermEval 2025 tasks, ensuring that
each classifier receives sufficient signal to recog-
nize the rare but crucial harmful content, while not
mislabeling innocuous content as dangerous.

5 Results and Discussion

The official leaderboard results for the GermEval
2025 shared task are presented in (Felser et al.,
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Comment Text (translated excerpt) Without Enrich. With Enrich.

“... Dann wird gekämpft!” (“... then there will be fighting!”) FALSE TRUE
“Schaut sie mal in Hamburg an.” (“Just look at them in Hamburg.”) TRUE FALSE
“Vielleicht die Leute von der Arbeitsagentur mal ARBEITEN lassen!” (“Maybe let
the employment agency staff actually work!”)

TRUE FALSE

Table 2: Examples of C2A predictions that switched between the ensemble without data enrichment and the
ensemble with data enrichment.

2025). Our system nymera delivered strong per-
formance across all three subtasks: it ranked 3rd in
the C2A task (Call-to-Action identification), 1st in
DBO (detection of content attacking the free demo-
cratic basic order), and 4th in VIO (recognition of
disturbingly positive statements towards violence).
Notably, nymera achieved the highest score in the
DBO subtask with an F1-score of 0.71, outperform-
ing the second-place system by a margin of 0.02
. In the C2A task, nymera attained an F1-score
of 0.83, narrowly behind the top two entries (0.87
and 0.84 by teams SuperGLEBer and HSH;-), re-
spectively). Similarly, for VIO our system reached
0.80 F1 , which, while competitive, trailed the best
result (0.84) by 0.04. These outcomes confirm that
nymera was among the leading systems in all cate-
gories, with an exceptional result in DBO and solid
standings in C2A and VIO.

These results highlight the strengths of our ap-
proach. In particular, the first- place finish on DBO
suggests that nymera excels at detecting content
that targets the free democratic basic order. This
strength may stem from the model’s ability to cap-
ture domain-specific cues (e.g. terminology or hos-
tile narratives) that characterize attacks on the free
democratic basic order. Furthermore, nymera’s
top-tier performance across all three tasks (rank-
ing within the top four for each) demonstrates the
system’s robust generalization to different manifes-
tations of harmful content. The architecture and
training regimen we employed appear to transfer
well between identifying overt incitement (C2A),
anti-democratic rhetoric (DBO), and even subtle
positive references to violence (VIO), underlining
the versatility of the system.

Despite this strong overall performance, the ar-
eas where nymera did not secure the very top rank
point to opportunities for improvement. In the C2A
subtask, our system’s third-place result indicates
that at least two competing systems were better at
recognizing calls to action. Similarly, the fourth-
place outcome in VIO shows that a few systems sur-

passed nymera in detecting disturbingly positive
or encouraging statements about violence. These
relative gaps suggest that nymera may have missed
certain linguistic cues or context nuances that are
critical for these categories. For instance, calls to
action can be implied indirectly or phrased in sub-
tle ways (e.g., polite requests or coded language
inciting action), and our model might not capture
all such subtleties. In the case of VIO, distinguish-
ing genuinely positive references to violence from
sarcastic or context-dependent statements is chal-
lenging; the fact that other teams achieved higher
scores implies that they may have incorporated
more effective strategies for modeling such context
or sarcasm. Thus, while nymera was competitive,
missing the top-2 in C2A and VIO suggests room
for refinement in handling the more nuanced or
implicit instances of harmful content.

Several limitations of the current system could
underlie these observations. One potential issue is
overfitting. Our model was fine-tuned extensively
on the provided training data for each subtask. This
intensive fine-tuning, especially with limited train-
ing examples, raises the risk that nymera learned
patterns too specific to the training set. If the model
latched onto superficial cues that do not generalize
(e.g., particular keywords or idiosyncratic patterns
present in the training data), its performance on
some unseen examples would be suboptimal. Al-
though the system performed well on the official
test sets, overfitting may still limit its robustness,
particularly if deployed on content from different
platforms or contexts not covered by the competi-
tion data.

Another limitation is the lack of deeper linguis-
tic modeling in our approach. nymera relies on a
transformer-based classifier without explicit incor-
poration of higher-level linguistic or world knowl-
edge. It treats each input largely as a sequence
of tokens, without modeling discourse-level infor-
mation (such as conversation context or speaker
intention) or leveraging linguistic features (such
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as syntax or semantic roles). As a result, the sys-
tem might not fully grasp cases where understand-
ing pragmatics or context is necessary – for exam-
ple, differentiating a genuine call to action from
a figurative statement can require understanding
the surrounding discourse or the speaker’s intent.
Similarly, recognizing a “positive” statement about
violence may require understanding sarcasm or cul-
tural references that go beyond surface text patterns.
The absence of such enriched linguistic handling
could have contributed to nymera’s slight under-
performance in the more nuanced C2A and VIO
tasks.

Additionally, our solution made use of synthetic
data augmentation, which comes with its own trade-
offs. We expanded the training set by generating or
paraphrasing examples of harmful content to cover
a wider range of expressions (especially for under-
represented classes). While this strategy can im-
prove recall and make the model more resilient to
rare phrasings, it can also introduce distributional
biases. If the synthetic examples are not perfectly
reflective of real-world data, the model may learn
artifacts specific to the artificially generated data.
There is also a risk of the model over-relying on
synthetic patterns at the expense of real data pat-
terns. This reliance may have contributed to certain
inconsistencies—for example, if some subtle forms
of calls to action were underrepresented or inaccu-
rately captured in the synthetic data, nymera might
have struggled with those cases in the test set, while
competing systems employing alternative strategies
may have handled them more effectively.

6 Summary and Future Work

In summary, our unified system delivered strong,
consistent performance across all three Ger-
mEval 2025 subtasks. It ranked 1st in the DBO
task, 3rd in C2A, and 4th in VIO, confirming its
effectiveness in detecting a diverse range of harm-
ful content. These high rankings across the board
underscore the versatility of our approach and its
ability to generalize well to different manifestations
of incitement, violent rhetoric, and anti-democratic
speech.

This success can be attributed to several key
strengths of our approach. First, the transformer-
based ensemble (combining multiple fine-tuned
models via soft-voting) enabled the system to cap-
ture complementary cues and improved its over-
all robustness. Second, extensive class balancing

and data augmentation were critical: by oversam-
pling minority classes and introducing synthetic
examples, we mitigated severe class imbalance and
exposed the models to a wider variety of rare but
important patterns. Third, careful manual refine-
ment—such as adding real misclassified examples
for the DBO “criticism” class—helped correct sys-
tematic errors and sharpen the decision boundaries
for under-represented categories. Together, these
techniques enabled the system to reliably detect
subtle forms of harmful content while minimizing
false positives on benign inputs.

Looking ahead, we identify several avenues
for further improvement. One direction is to ex-
plore a multi-task learning framework across the
three subtasks, which could enable the model to
leverage shared representations and cross-task sig-
nals (e.g., learning a general notion of “harmful-
ness” applicable to all categories). Another prior-
ity is to improve model calibration and decision
threshold tuning to ensure optimal precision–recall
trade-offs—especially important in high-stakes
content moderation scenarios where false alarms
and misses carry different costs. Finally, we aim
to reduce reliance on synthetic data by incorpo-
rating additional real-world examples or external
corpora into training. Expanding the training set
with more authentic harmful content (drawn from
varied sources) would help align the model with
real-world distributions and mitigate any biases
introduced by artificial examples. Pursuing these
future directions should further enhance the robust-
ness and generalizability of our system, paving the
way for even more effective harmful content detec-
tion in German social media.
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