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Abstract

This paper presents our submission to the
GermEval 2025 Shared Task on Candy Speech
Detection. We fine-tune a multilingual trans-
former model (mDeBERTa-v3) on original and
LLM-augmented data using prompt-based dual-
class generation. Our best model, trained with
10% synthetic data per class, achieved an F1-
score of 0.8785 on the test set, ranking 6th out
of 20 submissions. Further augmentation did
not improve performance, underlining the need
for carefully targeted augmentation.

1 Introduction

Over the past two decades, social media platforms
have risen to be one of the main communication
channels across generations. With the increasing
number of users, the need to monitor online dis-
course has grown — particularly to prevent the
misuse of anonymity that these platforms provide.
Consequently, numerous methods for detecting and
censoring negative speech (e.g., hate speech or
harmful language) on social media have been de-
veloped, allowing social media platform providers
to enforce community guidelines.

In contrast, less attention has been given to iden-
tifying and promoting positive and supportive dis-
course in online communities (Clausen et al., 2025).
Yet, this research field holds relevance for practical
applications and academia: Candy speech detection
complements negative speech detection by actively
identifying and promoting positive communication.
This can help foster a more welcoming and empa-
thetic online culture, especially on platforms like
YouTube, where comments can significantly im-
pact both creators and viewers.

Sentiment detection in social media is com-
plex: The nature of social media content, such
as YouTube video comments, is informal and may
intentionally deviate from standard orthography to
enhance expressiveness and convey hyperbolic sen-
timent beyond the literal meaning of the word. This

makes processing of the input text data not triv-
ial, potentially negatively impacting downstream
model performance.

The GermEval Shared Task 2025 on Candy
Speech Detection (Clausen et al., 2025) invited
researchers to detect candy speech in YouTube
comments. We participated in Subtask 1: Coarse-
Grained Classification, which targets the identifica-
tion of “Flausch” speech in German YouTube com-
ments as a whole. Our best approach fine-tuned a
transformer-based model on a dataset augmented
by 10%. Notably, our experiments showed that
increasing the amount of synthetic data beyond this
point did not lead to further improvements.

2 Dataset

The dataset consists of German-language YouTube
comments. The source videos vary widely in con-
tent, style, audience, and creators, resulting in di-
verse topic distributions. Notably, the final test set
includes previously unseen topics, highlighting the
importance of robust model generalization.

The dataset is imbalanced, with only 29% of
the comments labeled as “Flausch” and 71% as
“not Flausch”. It also contains highly informal lan-
guage, including intentional spelling deviations
(e.g., “suuuuper”) to express emphasis or hyper-
bole. Most comments are short: Fifty percent con-
tain six words or fewer and 32 characters or fewer.

3 Methodology

This section introduces a formal problem defini-
tion of the GermEval Challenge Task 1 (Coarse-
Grained Classification). Subsequently, we discuss
experiment design and utilized methods with justi-
fications for the steps taken in the experiment.

3.1 Problem Definition

Candy speech, also known by its German name
“Flausch”, has been formally defined by the
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GermEval 2025 organizing committee as an “ex-
pression of positive attitudes on social media to-
ward individuals or their output (videos, comments,
etc.)” (Clausen et al., 2025).

Subtask 1 (Coarse-Grained Classification) is
framed as a binary classification problem: given
a YouTube comment ¢ € C, the goal is to learn a
function

f:C—={0,1}

that predicts whether ¢ contains candy speech

(f(c) =D ornot (f(c) =0).

A labeled training set is provided in the form:

{(Ci; yi)}ij\ib

The classifier f is trained on Dy, and evaluated

on an unseen test set Diese = {(¢;, yj)}évil.

Dtrain - Yi S {07 1} (1)

3.2 Model Selection

We conducted an exploratory comparison of popu-
lar transformer models to identify the strongest
baseline. The models include: mBERT! (De-
vlin et al., 2018), a multilingual bidirectional en-
coder representation from transformers; XLM-
RoBERTa” (Conneau et al., 2019), a robustly op-
timized BERT pretraining model; and mDeBER-
TaV33, a multilingual version of DeBERTaV3(He
et al., 2021a) which pretrain DeBERTa(He et al.,
2021b) using gradient-disentangled embedding
sharing. DeBERTa itself is a decoding-enhanced
BERT architecture with disentangled attention.
Grid search and Optuna* (Akiba et al., 2019)
were utilized to find the best hyperparameters. Ta-
ble 1 compares the performance of all models
across various hyperparameter settings. We used
macro-averaged metrics for the exploration, as this
allowed us to assess the performance across all
classes, regardless of class imbalance. Choosing
the best model, we employed mDeBERTaV3, a
transformer-based encoder architecture developed
by Microsoft.
mDeBERTaV3 is pretrained across 100+ lan-
guages. Known for its strong performance in multi-
lingual natural language processing (NLP) tasks, it
is able to capture fine-grained syntactic and seman-
tic patterns—an important property for detecting
1https://huggingface.co/google—bert/
bert-base-multilingual-cased
2https://huggingface.co/FacebookAl/
x1lm-roberta-base
3https://huggingface.co/microsoft/

mdeberta-v3-base
4https://github.com/optuna/optuna

certain sentiment in stylistically distorted social
media comments.

Our final baseline model was fine-tuned with
a learning rate of 3e-5, batch size 16, 3 epochs,
and weight decay @.01. All textual inputs were
tokenized with the model’s associated tokenizer.

3.3 Data Augmentation

Data augmentation is used to artificially expand a
training dataset by creating modified versions of
existing data. Using this technique, generalization
to unseen data may be improved as the size of
the training set is increased. Three methods were
implemented:

Synonym Replacement is a lexical data augmen-
tation technique, in which randomly selected words
in a sentence are replaced with semantically similar
alternatives using word embedding models.

Back translation involves translating a sentence
into an intermediate language (e.g., English) and
then translating it back to the original language. It
is particularly useful for creating diverse training
examples that differ in structure and phrasing but
convey the same semantic content.

Large Language Model (LLM) based Dual-
Class Augmentation is a prompt-based gener-
ative approach. In contrast to single-class augmen-
tation, it includes examples from both classes in
the prompt, allowing the model to better learn the
decision boundary between classes (Ibrahim et al.,
2025). Each prompt combined five random exam-
ples from each class, and the model was instructed
to generate a new German comment for a given
label (Table 2). We introduced the classification
labels and their definitions in the prompt to provide
clearer context for the generation task and explic-
itly associate the label “Flausch” with its meaning.
This approach was intended to help the model bet-
ter understand the task requirements while also
reducing prompt length, as it eliminated the need
to repeatedly replace “Flausch” with its full def-
inition in each instruction. We augmented both
“Flausch” and “not Flausch” classes equally to pre-
serve the original class distribution.

To study the effect of class imbalance on model
performance, we created training sets with dif-
ferent “not Flausch”/“Flausch” ratios (70/30,
65/35, 60/40, 50/50) utilizing synonym replace-
ment and back translation. Synonym replace-
ment was implemented leveraging a pre-trained
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Model Method Accuracy F1 Precision Recall Hyperparameters

mBERT Grid Search ~ 0.8779  0.8392  0.8714  0.8093 LR=2e-5, BS=16, Epochs=3, WD=0.01

mBERT Grid Search ~ 0.8781  0.8410  0.8504  0.8318 LR=3e-5, BS=16, Epochs=3, WD=0.01

mBERT Grid Search ~ 0.7910  0.7635  0.6798  0.8707 LR=5e-5, BS=8, Epochs=4, WD=0.01

mBERT Grid Search ~ 0.8763  0.8411  0.8370  0.8453 LR=le-5, BS=32, Epochs=5, WD=0.01

mBERT Optuna 0.8308  0.8385 0.8589  0.8308 LR=4.28e¢-5, BS=8, Epochs=5, WD=0.0706, WR=0.167
mBERT Optuna 08171  0.8275 0.8624  0.8171 LR=4.35e-5, BS=16, Epochs=2, WD=0.0551, WR=0.174
XLM-RoBERTa Grid Search  0.8790  0.8445  0.8414  0.8477 LR=2e-5, BS=16, Epochs=3, WD=0.01
XLM-RoBERTa Grid Search  0.8789  0.8431  0.8467  0.8396 LR=3e-5, BS=16, Epochs=3, WD=0.01

XLM-RoBERTa Grid Search  0.8844  0.8513  0.8482  0.8545 LR=le-5, BS=32, Epochs=5, WD=0.01
XLM-RoBERTa Optuna 0.8051 0.8135 0.8325 0.8051 LR=4.60e-5, BS=8, Epochs=5, WD=0.2592, WR=0.0197
XLM-RoBERTa Optuna 0.8161  0.8265 0.8610  0.8161 LR=1.21e-5, BS=8, Epochs=2, WD=0.0267, WR=0.0238
mDeBERTa Grid Search ~ 0.8664  0.8381  0.7901  0.8922 LR=2e-5, BS=16, Epochs=3, WD=0.01

mDeBERTa Grid Search ~ 0.8882  0.8594  0.8383  0.8815 LR=3e-5, BS=16, Epochs=3, WD=0.01

mDeBERTa Grid Search ~ 0.8771  0.8367  0.8619  0.8129 LR=5e-5, BS=8, Epochs=4, WD=0.01

mDeBERTa Grid Search ~ 0.8888  0.8579  0.8497  0.8662 LR=le-5, BS=32, Epochs=5, WD=0.01

mDeBERTa Optuna 0.7812  0.7961  0.8585  0.7812 LR=3.91e-5, BS=8, Epochs=4, WD=0.0942, WR=0.1508

Table 1: Performance of transformer models across different hyperparameter configurations. Both grid search and
Optuna were used to explore learning rate (LR), batch size (BS), weight decay (WD), warmup ratio (WR), and
number of epochs. The goal was to identify the best-performing setup for each model. All reported metrics are
macro-averaged across both classes. The chosen baseline model is indicated in grey.

German Word2Vec model® (Miiller, 2015). Each
word had a 20% chance of being replaced. Re-
placement candidates were drawn from the top
5 most similar embeddings and randomly cho-
sen. For back translation, we used the Hug-
ging Face MarianMT ¢ (Junczys-Dowmunt et al.,
2018) models Helsinki-NLP/opus-mt-de-en
and Helsinki-NLP/opus-mt-en-de to perform
German — English — German translation.
Before applying augmentation, we performed
standard preprocessing steps, including stopword
removal and lemmatization. These methods were
applied to improve the matching rate against the
Word2Vec vocabulary by reducing the inflected
forms to their base forms. The removal of stop
words ensured that the replacement of synonyms
focused only on meaningful content words, avoid-
ing unnecessary substitutions of function words.
Approximately 20% of the augmented samples
were created via back translation and 80% via syn-
onym replacement. The low back translation ratio
was chosen deliberately as a portion of the input
texts—often short, grammatically incorrect, or con-
taining emoji tokens—could not be meaningfully
translated, leading to empty outputs.
Prompt-based dual-class augmentation was
applied using the instruction-tuned model
tiiuae/falcon-7b-instruct’ (Almazrouei
et al., 2023; Penedo et al., 2023), generating new

Shitps://github.com/devmount/GermanWordEmbeddings

https://github.com/huggingface/transformers/
blob/main/docs/source/en/model_doc/marian.md

"https://huggingface.co/tiiuae/
falcon-7b-instruct

samples via nucleus sampling (p = 0.9) with a
temperature of 0.7. The synthetic data was added
to the training set in increments of 10%, 20%, and
30% data increase per class. We augmented and
trained without text-preprocessing, as we observed
during a first round of experiments with dual-class
data augmentation, that our model performed
better without it, likely because such operations
removed stylistic and informal features important
for classifying “Flausch” content.

3.4 Final Submission

All submissions were based on our baseline model,
but differed in training datasets: Our first submis-
sion was our baseline model paired with our normal
training data. After receiving the submission re-
sults, we observed a steep performance decline in
contrast to our test results. Our assumption is that
our model had a problem generalizing the trained
patterns to the new data, as the unseen test set has
other topics than the training data. Thus, we de-
cided to pursue two different approaches for the
next submissions: For the second submission, we
merged the 10% augmented training dataset, the
evaluation, and the test data to increase the training
sample size. For the third submission, we incorpo-
rated tweets from the SB10k dataset® (Cieliebak
et al., 2017) into our training data, in addition to
the augmented samples. The SB10k corpus is a
German Twitter dataset that provides sentiment an-
notations for each tweet. From this resource, we

8https://huggingface.co/datasets/Alienmaster/
SB10k
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reduzieren

Label Prompt

Flausch

tweet that differs from the examples.

Flausch examples: [5 random examples]
Not flausch examples: [5 random examples]
Now generate a new flausch tweet in German.

I will give you 10 examples of YouTube comments: 5 flausch (overtly positive, encouraging) and 5
not flausch (neutral or critical). Based on these, generate a realistic, stylistically natural flausch

Not Flausch

tweet that differs from the examples.

Flausch examples: [5 random examples]
Not flausch examples: [5 random examples]
Now generate a new not flausch tweet in German.

I will give you 10 examples of YouTube comments: 5 flausch (overtly positive, encouraging) and 5
not flausch (neutral or critical). Based on these, generate a realistic, stylistically natural not flausch

Table 2: Prompts used for dual-class tweet generation with tiiuae/falcon-7b-instruct.

extracted 1,193 tweets labeled as positive and 794
labeled as negative. To make it easier for our model
to distinguish between the two target classes, we
included only the negative and not the neutral sam-
ples for the “not Flausch” category.

4 Results

We evaluate model performance using Accuracy as
well as Precision, Recall, and F1-score for the pos-
itive class (“Flausch”). The “Flausch” F1-score
served as the primary metric for model selection
and final ranking in the GermEval Shared Task
2025 (Clausen et al., 2025).

We first explored the effect of altering the
class distribution by increasing the proportion of
“Flausch” comments using synonym replacement
and back translation. However, as shown in Ta-
ble 3, these adjustments led to a decline in perfor-
mance compared to the baseline. Even the 70/30
ratio—closest to the original—performed worse,
motivating us to retain the natural class distribution
in further experiments.

To understand the drop in performance from syn-
onym replacement and backtranslation, we exam-
ined several augmented examples. We observed
some decline in the data input quality: In some
cases, synonym replacement led to semantic er-
rors—for instance, "voll cool wer horen 2017" be-
came "ordentlich doof wer horen 2017", revers-
ing the intended sentiment. Backtranslation pro-
duced awkward literal translations, e.g., "cool Par-
odie Loch" became "Kiihles Parodienloch". Ad-
ditionally, stylistic exaggerations were inconsis-
tently translated, such as "voll siiiiliiiiiti3" becom-
ing simply "voll sii3". These stylistic and semantic
degradations likely weakened the signal that distin-
guishes “Flausch” comments, confusing the model
during training.
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Based on these qualitative insights, we con-
cluded that neither synonym replacement nor back-
translation preserved the stylistic patterns of the
original data. As a result, we opted not to include
augmented samples of both methods in subsequent
experiments. Since the adjusted class distribution
might have negatively impacted performance, as
the true distribution in the test data is likely skewed,
we chose to retain the original class balance in fur-
ther experiments.

Next, we evaluated LLM-based augmentation
techniques. Augmenting the dataset by 10% per
class produced the best results, achieving an F1-
score of 0.8888. Increasing the augmentation to
20% or 30% did not yield further improvements,
highlighting that more augmentation is not always
beneficial, but careful tuning is essential for tweak-
ing model performance.

The final predictions of our submissions were
generated on the unseen test set provided by the
GermEval organizers. From the results, we observe
that increasing the amount of training data in both
subsequent submissions led to a performance im-
provement over the baseline model trained solely
on the original training set. However, training on
(artificial and original) data that is native to the
challenge appears to yield a greater performance
gain than incorporating sentiment data from a dif-
ferent domain. By merging the original training set
with the evaluation and test splits, we exposed the
model to the same distribution and topical variety it
would face at inference time, thereby effectively re-
ducing domain shift. This likely enabled the model
to learn more representative features and generalize
more effectively to the unseen test data. In contrast,
the first submission lacked this exposure, while the
third submission—although enriched with SB10k
sentiment data—introduced out-of-domain content



Model Accuracy F1 Precision Recall
Development Results
MDeBERTa (base model) 0.8781 0.8594 0.8383 0.8815
Synonym/Back Translation with Class Distribution Variants
class distr. 70/30 0.8771 0.8496 0.8172 0.8847
class distr. 65/35 0.8701 0.8454 0.7935 0.9045
class distr. 60/40 0.8707 0.8448 0.7990 0.8961
class distr. 50/50 0.8561 0.8331 0.7647 0.9150
LLM-Based Augmentation (Falcon-7B)
10% augmentation 0.9101 0.8888 0.8639 0.9150
20% augmentation 0.9077 0.8853 0.8642 0.9075
30% augmentation 0.9090 0.8829 0.8926 0.8733
Official Submission (Test Set)
submission-1 - 0.7668 0.8687 0.6864
submission-2 - 0.8785 0.8866 0.8705
submission-3 - 0.7715 0.8442 0.7103

Table 3: Performance of different mDeberta-based model configurations during development and final evaluation.
Synonym/back translation and LLM-based augmentation results are shown separately. The table highlights the

F1-score as the official competition metric.

(general Twitter sentiment) that may not align well
with the specific tone, structure, or subject matter
of the challenge data.

Our best submission achieved an F1-score of
0.8785 for the “Flausch” class, placing 6th out
of 20 submissions. Since the hidden test set was
drawn from a different thematic domain than the
provided dataset, the model’s ability to maintain
its performance on unseen data indicates strong
generalization capabilities across varying comment
contexts. This suggests that our approach captures
underlying linguistic patterns of candy speech that
extend beyond topic-specific cues.

5 Conclusion

In this paper, we present our approach to Sub-
task 1 of the GermEval 2025 Shared Task on Candy
Speech Detection (Clausen et al., 2025), address-
ing the challenge of detecting Flausch comments in
German YouTube discussions—a task complicated
by informal language, class imbalance, and topic
diversity between training and test sets.

We established a strong transformer-based base-
line using mDeBERTa-v3, selected through com-
parative evaluation against other transformer mod-
els. To improve generalization, we investigated
several data augmentation strategies. Synonym
replacement and backtranslation expanded the
dataset but likely degraded its semantic and stylis-
tic quality. Combined with changes to the class
distribution, these factors likely contributed to the

442

observed drop in model performance. In con-
trast, prompt-based dual-class augmentation us-
ing a large language model proved highly effec-
tive. Augmenting each class with only 10% ad-
ditional data resulted in notable performance im-
provements. Further increases led to diminishing
returns. In-domain augmentation via evaluation
and test splits proved more effective than external
data (e.g., SB10k), emphasizing the importance of
domain alignment in contextual classification.

Our best submission achieved an F1l-score of
0.8785 on the Flausch class, ranking 6th out of 20
submissions. The model’s ability to generalize to
unseen topics in the hidden test set suggests that it
successfully learned domain-independent patterns
of positive discourse. This outcome reinforces the
potential of using generative augmentation tech-
niques and task-specific prompt engineering for im-
proving NLP models on subtle, affective language
detection tasks.
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