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Abstract

In the context of automatic hate speech detec-
tion, effective methods for low-data scenarios
are crucial due to the dynamic and evolving na-
ture of harmful language, which demands fre-
quent model retraining. Large Language Mod-
els (LLMs) are promising for this task because
they can generalize tasks solely from task de-
scriptions and thus reduce the need for exten-
sive data annotation. We evaluate prompting
strategies for subtask 2 of the GermEval 2025
Harmful Content Detection challenge, which
involves classifying whether a tweet attacks the
free democratic basic order. We show that tech-
niques such as Chain-of-Thought, In-Context
Learning or Task Decomposition outperform
approaches like Task Description. However, a
significant performance gap remains between
our prompting-based strategies and the top-
performing systems in the competition. These
findings indicate that, under current conditions,
prompting with open-source LLMs alone is in-
sufficient to achieve state-of-the-art results in
complex hate speech related classification tasks.

OFFENSIVE CONTENT WARNING: This work contains
examples of hateful content. This is strictly for the purpose of
enabling this research. Please be aware that this content could

be offensive and cause you distress.

1 Introduction

Data annotation is considered a critical bottleneck
in many machine learning projects, as it is resource
intensive and time-consuming (Neves and Seva,
2021; Anglin et al., 2022; Madukwe et al., 2020).
This limitation is even more demanding in sce-
narios of low-resource data and of fast-paced dy-
namic changes, as is the case of hate speech, where
the expression and targets of hate can constitute
a small proportion of the material to be analyzed
and change quickly. Thus, in automatic hate speech

Dr. Stefan Altmann
ZITiS
Zamdorfer Straf3e 88, 81677 Munich
stefan.altmann@zitis.bund.de

detection, it is crucial to explore methods that per-
form well with limited data and reduce the need for
model retraining (Lupu et al., 2023; Florio et al.,
2020). Employing LLM:s for this task is appealing,
since these models can use their inherent knowl-
edge and linguistic skills to generalize to various
tasks based on task descriptions. Hence, these mod-
els are potentially able to adapt to different tasks
without the need for extensive annotation of data
(Ludwig et al., 2025).

In this work, we investigate different zero-shot
and few-shot prompting methods to solve the sec-
ond subtask of the GermEval 2025 shared task,
Harmful Content Detection in Social Media (Felser
et al., 2025). The goal of this is to classify whether
a tweet constitutes an attack on the free democratic
basic order. Our contributions are as follows:

* We propose prompting strategies for analyzing
different attacks on the basic democratic order

* We analyze the suitability and limitations of
these strategies across various Large Language
Models

Section 2 presents an overview of related works
relevant to the study. Section 3 details the methodol-
ogy, including data collection, the models applied,
prompting strategies used, and the evaluation proce-
dures. In Section 4, the results are provided along
with their analysis and discussion. Finally, Sec-
tion 5 concludes the work by summarizing the key
findings and implications.

2 Related Works

The application of LLMs for hate speech detection
has been investigated in several studies (Del Arco
et al., 2023; Han and Tang, 2022; Chiu et al., 2021).
The authors Kumarage et al. (2024) reported strong
classification results using GPT 3.5 and Llama 2
(Touvron et al., 2023) for the task of recognizing
hate speech. In contrast to our work, they applied
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Task Description

Subversive:

Subversive posts express the aim of overthrowing the
government |[...]

Agitational:

Posts in the “Agitational” category aim to incite oth-
ers aggressively against the liberal democratic order.
This involves concrete actions such as spreading pro-
paganda [...]

Instruction:
Classify the following post into exactly one of the above
categories.

Post:
| <Post to classify>

Figure 1: In the Task Description approach, we
include the class definitions, provided by the GermEval
challenge organizers, as context in the prompt.

In-Context Learning

( )
Subversive:

Subversive posts express the aim of overthrowing
the government |[...]

Agitational:
[...]

Instruction:
Classify the following post into exactly one of the
above categories.

Post:
<Example Post 1>

[Example Answer 1]

i Post:
<Example Post 2>

[Example Answer 2]

(]

Post:
<Post to classify>

Figure 2: In In-Context Learning we provide few-shot
examples in addition to the task descriptions in the
prompt.

\.

these models to the HateCheck corpus (Rottger
et al., 2021), which consists of rather simple, hand-
crafted examples. Alkhamissi et al. (2022) inves-
tigated how hate speech recognition tasks can be
prepared for large language models. The authors
propose to split the task into simpler subtasks. They
conducted task preparation for fine-tuning a BART
model (Lewis et al., 2020). According to the au-
thors the robustness of the classification depends on
the prompt, its wording and the context provided.
In contrast, our work employed inference-based
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Chain of Thought

Subversive:
Subversive posts express the aim of overthrowing the
government [...]

Agitational:
[...]

Instruction:

Classify the following post into exactly one of the above
categories. Think step by step how you can solve this
task. Think about which characteristics the individual
classes require, how they differ from each other and
which of these characteristics are present in the post.

Post:
<Post to classify>

Figure 3: In the Chain of Thought approach, the
model is guided to reason through how the task can
be broken down into subtasks before solving it.

Task Decomposition

Does the following post contain negative attitudes
towards state institutions [...] ?

Post:
<Post to classify>

\ J

[Model Answer]

Does the post call for violence against state actors?
This includes [...]

J

[Model Answer]

~

Does this post incite other anti-state but non-
violent acts or does it spread propaganda or anti-
constitutional symbols? |[...]

[Model Answer]

Figure 4: In the Task Decomposition approach, we
divide the overall problem into subtasks, which are
made available to the model as a chain of prompts.

approaches, such as Task Decomposition, Chain-of-
Thought prompting and In-Context Learning. Mor-
bidoni and Sarra (2023) investigated how GPT 3.5
can be made to recognize misogyny. The authors
formulated the task as a simple yes/no question and
experimented with additional prompt context.

In our previous work (Ludwig et al., 2025) we
investigated how LLMs can be used to detect crim-
inally relevant hate speech. We investigated how
these models can be conditioned at different levels
of abstraction in legal systems to accomplish this
task. A remarkable difference in performance be-
tween LLMs and legal experts was reported. While
this work addressed how general legal knowledge
can be brought into LLMs to recognize criminally-
relevant posts, the current work focuses on the sub-



Approach Model Pre. Rec. F1

Uniform Rand.  Dummy .29 .29 .29
Phi 4 43 .39 A1
Description Cmd-R+ .34 .30 31
QOwen .48 43 41
Phi 4 .67 .54 .53
CoT Cmd-R+ .58 .56 .56
Owen .62 .54 .51
Phi 4 .59 .52 .50
In-Context Cmd-R+ .59 o7 57
QOwen .67 .56 .55
Phi 4 .58 .50 .49
Decomposition  Cmd-R+ .40 44 44
Owen .56 51 .49

Table 1: Classification metrics with respect to
different approaches and models.

jective definitions of attacks on the free democratic
basic order.

3 Methods and Experiments

In this section, we introduce the dataset, language
models and prompting strategies, employed in our
experiments.

3.1 Data

The training data of the harmful content detection
task (Felser et al., 2025) consists of 7,454 German
posts, containing different types of attacks on the
free democratic basic order. The classes include
(1) calling to overthrow the government (Subver-
sive), (2) spreading propaganda (Agitation), (3) le-
gitimate criticism of the government (Criticism)
and (4) other posts, without any type of attack on
the democratic order (Nothing). Data statistics and
examples for each class can be seen in Appendix A,
Table 5.

3.2 Models

For our experiments, we selected the following mod-
els due to their strong reasoning capabilities and
state-of-the-art performance on a range of bench-
marks, and demonstrated proficiency in multilin-
gual tasks: Phi-4 14B (Abdin et al., 2024), known
for its efficient scaling and reasoning depth; Qwen-3
32B (Yang et al., 2025), which excels in both lan-
guage understanding and generation across diverse
languages; and Command-R+", a model optimized
for instruction following and retrieval-augmented
generation.

'https://cohere.com/blog/
command-r-plus-microsoft-azure
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Approach Noth. Crit. Agit. Subv. Avg.
Description .57 .67 48 .26 .49
CoT .60 7 .56 .27 .55
In-Context .58 .68 .67 27 .55
Decomposition .66 .59 A7 .24 .49
Average .62 .68 .04 .26 .52

Table 2: Proportion of correctly classified posts by ap-
proach and class label, averaged over all models.

3.3 Prompting Strategies

We investigated and compared four different
prompting strategies. For the Task Description
approach (Figure 1 and Appendix B.1), we used the
definitions provided by the GermEval challenge or-
ganizers and incorporated them into the prompt as
contextual information. Our second approach (Fig-
ure 2, Appendix B.2) focuses on In-Context Learn-
ing. This is done by extending the first approach
with examples selected from the trial set. Exam-
ple answers to these prompts were formulated by
the authors based on the provided class labels. Our
third approach is Chain-of-Thought (CoT') prompt-
ing (Wei et al., 2022). In this approach (Figure 3,
Appendix B.3), the model is explicitly encouraged
to engage in intermediate reasoning by decompos-
ing a complex task into a sequence of smaller and
more manageable subtasks to be solved step by step.
CoT prompting was shown to enhance the model’s
accuracy on reasoning-intensive problems (Wang
etal., 2023; Zhang et al., 2025; Yu et al., 2023). The
fourth approach is based on Task Decomposition
(Figure 4), in which the whole classification prob-
lem is manually divided into smaller sub-problems.
In this case, the answers to the sub-problems are
combined to provide the final answer to the com-
plete problem (see Appendix B.4 for more details).

Similar to Ludwig et al. (2025), we used a two-
step approach for retrieving the model answers.
First, we let the language models freely generate
their responses. Second, we prompted the models
to format their responses in JSON format, which
allowed us to analyze the answers automatically
(see Appendix B.5 for further details).

3.4 Model Assessment

A balanced subset of the provided training data,
consisting of 50 samples from each class, was ex-
tracted and used as a development set to test our
prompting strategies. We optimized our prompts
using the training set and then evaluated their final


https://cohere.com/blog/command-r-plus-microsoft-azure
https://cohere.com/blog/command-r-plus-microsoft-azure

Misclass. Models %0  Noth. Crit. Agit. Subv.
80% .21 A1 .08 .67
100% .10 .00 .02 .18

Table 3: Proportion of misclassified posts per class,
averaged across models.

versions on this separate development set.

4 Results and Discussion

Table 1 presents classification results across various
prompting strategies and language models on our
development set. Almost all configurations signifi-
cantly outperform the random baseline. Unlike Lud-
wig et al. (2025), we found that advanced prompting
strategies (Chain-of-Thought, In-Context Learning,
and Task Decomposition) outperformed the sim-
pler Task Description approach. Notably, Chain-
of-Thought surpassed manual Task Decomposition.
No single model consistently outperformed others
across all strategies. Our best approach achieved
an Fl-score of .57 on the development set, substan-
tially lower than the competition winner’s F1-score
of .71. This suggests that LLMs cannot yet be reli-
ably or robustly prompted to solve complex classi-
fication tasks, such as those related to hate speech
detection.

Table 2 reports the proportion of correctly classi-
fied samples on the development set across prompt-
ing strategies and class labels, averaged over all
three models. The models performed worst on the
Subversive class, with only 26% of samples cor-
rectly classified, which is substantially lower than
for the other classes. We further present statistics on
posts that were particularly challenging for LLMs to
classify (Table 3). The table shows the proportion
of posts misclassified by at least 80% of models
(first row) or by all models (second row) across
all strategies, highlighting that the Nothing class
and, in line with previous results, especially the
Subversive class, contained samples most challeng-
ing for the models. While 10% of examples of the
Nothing class were misclassified by all models and
approaches, 18% were misclassified for the Subver-
sive class.

We manually analyzed these posts and the corre-
sponding language model responses. We observed
that 50% of the normal posts, which were misclassi-
fied by all models and approaches, contained a call
for violent action. These posts were, however, anno-
tated as normal, because the call for violence is not
clearly directed towards the government or its offi-

Post Label

Cut off his stumps and hang him by the feet =~ Nothing
)@ ... far too little, great justice!

Carry them? Better to have them flogged = Nothing
under Islamic law. 4

Someone should shoot him! < Nothing
[...] Enough of that ¢ #refugeesnotwel- Subversive
come [...] #MerkelMustGo

Merkel must go, and every asylum seeker =~ Subversive
who doesn’t behave follow ...

Encourage family and friends to vote na-  Subversive

tionalist in the elections! #MerkelMustGo
#PartyBlocMustGo #Islamization

Table 4: Example posts, which were misclassified by all
models across all prompting schemes.

cials. This indicates that models struggle to grasp
the task’s fine-grained nuances, in line with previ-
ous findings (Ludwig et al., 2025). As for the posts
misclassified as belonging to the Subversive class
we observed that about 64% of these posts contain a
call to dismiss the chancellor or the governing party.
However, it is not clear from the posts that this ac-
tion is to be carried out by force, as required to
classify the posts as being subversive. These posts
might be considered as borderline cases, which are
evaluated differently by language models due to
their inherent biases and conceptual understanding.
The subjectivity and difficulty of hate speech anno-
tation (Dehghan et al., 2025; Fleisig et al., 2023;
Poletto et al., 2019) and inherent biases in language
models (Navigli et al., 2023; Liang et al., 2021; Fer-
rara, 2023) are well-known problems in the research
community. Examples of the discussed cases are
shown in Table 4. 2

5 Conclusion

In this work, we examined various prompting strate-
gies for language models aimed at classifying
tweets according to different forms of attacks on the
free democratic basic order. Our findings suggest
that while LL.Ms are generally effective in classi-
fying these attacks, their inherent conceptual bi-
ases can limit prompt-based control, resulting in
suboptimal performances on the second subtask of
the GermEval’s 2025 Harmful Content Detection
(Felser et al., 2025). In contrast, smaller models
like BERT (Devlin et al., 2019) may offer greater
adaptability through fine-tuning for highly specific
tasks. Due to their strong linguistic abilities, LLMs

These are English translations of posts; original posts were
written in German.
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are well suited for challenging tasks such as analyz-
ing hate speech - provided that their internalized
concepts required for their analyses are properly
aligned with the intended goals of the task. Con-
sequently, future work should focus on methods,
which are able to achieve language model align-
ment for hate speech related tasks in a data- and
annotation-efficient manner to combine the best of
both worlds: strong linguistic capabilities and rapid
model adaptation.

Limitations

Our study has some limitations. First, we focus
exclusively on subtask 2 of the GermEval 2025
challenge. While this allows for a more targeted
evaluation, it limits the generalizability of our find-
ings to other subtasks or related tasks. Second, we
restrict our experiments to three open-source lan-
guage models. This choice ensures transparency
and reproducibility but excludes stronger propri-
etary models such as GPT-4, which could poten-
tially yield better results. Third, we evaluate only a
subset of existing prompting strategies. Although
we include widely used techniques such as Chain-of-
Thought and In-Context Learning, other recent ap-
proaches remain unexplored due to computational
and scope constraints. Future work should address
these limitations by expanding the range of tasks,
models, and prompting methods.

Ethics Statement

We use publicly available, anonymized data from
the GermEval 2025 shared task. While this ensures
reproducibility, we acknowledge that the dataset
may contain biases and harmful content. Hate
speech detection remains a subjective and context-
dependent task, and automated systems may pro-
duce false positives or negatives. Our models are
intended solely for research and should not be de-
ployed in real-world applications without careful
consideration of fairness, societal impact, and the
need for human oversight.
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Appendix
A Data

Class

Nothing

Criticism

Agitation

Subversive

Counts

6,277

804

313

60

Original Examples
Erwache Deutschland ==
Heil Deutschland !

Es wire traurig wenn man PEGIDA nur auf
die unkontrollierte Zuwanderung reduzieren
wiirde.

Diamonisierung des Gegners ist immer ein
notwendiger Teil der Strategie. Jetzt sind wir
an der Reihe.

wobei die ochsen und Esel in Berlin im Bun-
destag sitzen und zwar alle

Gar kein Geld sollten die bekommen, wozu
auch, die bekommen doch eh schon alles in
den Arsch geschoben.

1488

Heil Hitler! Wir werden uns nicht erweichen
lassen! #Vorwirts #SiegHeil #1488

Blut und Ehre, Hakenkreuz iiber Europa!

Ihr werdet Frau Merkel stiirzen, Die Welt
schaut auf euch .....super

Kann den nicht einer erschielen - so mit Auf-
tragskiller - am besten vielleicht die komplette
Regierung???

RT @name: @name @news Die EU spaltet
Europa. Merkel spaltet die EU. Merkel muss

weg. Die EU muss weg. Damit Europa wieder
atmen kann.

Translated Examples
Awaken, Germany ==
Hail Germany!

It would be sad if PEGIDA were reduced only
to uncontrolled immigration.

Demonizing the opponent is always a neces-
sary part of the strategy. Now it’s our turn.

where the oxen and donkeys sit in Berlin in the
Bundestag, all of them.

They shouldn’t get any money at all, why

should they, they already have everything
shoved up their ass anyway.

1488

Heil Hitler! We will not be softened! #For-
ward #SiegHeil #1488

Blood and Honor, swastika over Europe!
You will overthrow Mrs. Merkel, the world is
watching you... great

Can’t someone shoot him — like with a hitman
— maybe even the entire government???

RT @name: @name @news The EU is divid-
ing Europe. Merkel is dividing the EU. Merkel
must go. The EU must go. So that Europe can
breathe again.

Table 5: Examples of the provided training data of the GermEval’s 2025 Harmful Content Detection Task.
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B Language Model prompts
B.1 Task Description

Original prompt, written in German.

English translation of the original prompt.

Task Description

A: ,,Subversive‘

Posts der Kategorie ,,Subversive“ driicken das Ziel
aus, die Regierung durch gewaltsame Handlungen zu
stiirzen und somit die staatliche Ordnung zu beseitigen.
Dies kann in Form von Ankiindigungen, Drohungen
oder Aufrufen zum Handeln geschehen.

B: ,,Agitational“

Posts der Kategorie ,,Agitational“ haben das Ziel, an-
dere Personen in aggressiver Art und Weise gegen die
freiheitlich-demokratische Grundordnung aufzuhetzen.
Dabei werden konkrete Mafinahmen wie beispielsweise
die Verbreitung von Propaganda oder Beschddigung
von Staatssymbolen ergriffen.

C: ,,Critical*

Der Tweet dufsert Kritik an der Regierung, an Amt-
strigern, Beamten, Behorden oder politischen Parteien,
ohne konkrete Absichten gegen die freiheitlich-
demokratische Grundordnung anzudeuten.

D: ,,Nothing**

Posts der Kategorie ,,Nothing“ richten sich weder
gegen die Regierung noch gegen die freiheitlich
demokratische Grundordnung.

Instruction:

Ordne den nachfolgenden Post in eine der oben genan-
nte Kategorien (A-D) ein. Entscheide dich immer fiir
genau eine Kategorie. Stelle deine Argumente in kurzer
Form dar.

Post:
| <Post to classify>
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Aufgabenbeschreibung

A: ,,Subversive*

Posts in the ”Subversive” category express the goal of
overthrowing the government through violent actions
and thereby eliminating the state order. This can take
the form of announcements, threats, or calls to action.
B: ,,Agitational*

Posts in the "Agitational” category aim to incite oth-
ers aggressively against the liberal democratic order.
This involves concrete actions such as spreading pro-
paganda or damaging state symbols.

C:,,Critical*

The tweet expresses criticism of the government, offi-
cials, civil servants, authorities, or political parties
without indicating any concrete intentions against the
[free democratic basic order.

D: ,,Nothing*

Posts in the ”Nothing” category are directed neither
against the government nor against the liberal demo-
cratic order.

Instruction:

Classify the following post into one of the categories
(A-D) mentioned above. Always choose exactly one
category. Briefly explain your reasoning.

Post:
<Post to classify>




B.2 In-Context Learning

B.2.1 Example Answers

Original In-Context Learning examples and corresponding answers, written in German.

In-Context Learning Example

Unsere ehre heisst treue, Kameraden!

Es gibt immer noch eine Alternative, die
man wihlen kann ...

Mal sehen wann wir an der Erderwér-
mung schuld sind ;)

Wir sollten unsere Fahne vor der
Regierung schiitzen und gegen sie
kdmpfen!

Alles fiir Deutschland! Wir werden
die Demokraten vernichten! #Hammer-
skins88 #HH18

Danke allen Patrioten!

Wenn wir nicht bald handeln, werden
wir noch mehr Schaden erleiden. Zeit
fiir einen Aufstand!

Die schédliche Arbeitsagentur soll mal
in den Spiegel schauen.

Manually Crafted Answer

Der Post verwendet eine verbotene Phrase (unsere ehre heisst treue) und verbreitet
somit verfassungsfeindliche Symbole. Dementsprechend ist der Post als unter der
Kategorie Agitational einzuordnen.

Der Post driickt Unzufriedenheit mit der Regierung aus und weist darauf hin, eine
andere Partei zu wihlen. Somit handelt es sich um legale Regierungskritik. Der
Post ist dementsprechend unter der Kategorie Critical einzuordnen.

Der post enthilt keine Kommentare, die sich gegen die Regierung wenden. Somit
ist dieser Post unter der Kategorie Nothing einzuordnen.

Dieser Post spricht von eine Kampf gegen die Regierung, was einem Aufruf zur
gewaltsamen Handlung entspricht. Somit ist der Post als Subversive einzustufen.

Die Phrase ,,Alles fiir Deutschland* zéhlt in Deutschland zu verbotener Symbolik.
Somit ist dieser Post als Agitational einzustufen.

In diesem Post wird keine Regierungskritik oder negative Einstellung gegen iiber
der demokratischen Grundordnung deutlich. Somit ist der Post der Kategorie
Nothing zuzuordnen.

Dieser Post ruft zu einem Aufstand gegeniiber der Regierung auf. Somit ist der
Post der Kategorie Subversive zuzuordnen.

Der Post driickt Unzufriedenheit gegeniiber der Agentur fiir Arbeit aus. Der
Ausdruck wird somit als legitime Kritik verstanden, wodurch der Post der Klasse
Critical zugeordnet werden kann.

In-Context Learning examples and corresponding answers, translated into English.

In-Context Learning Example

Our honor is loyalty, comrades!

There is still an alternative one can vote
for...

Let’s see when we’ll be blamed for global
warming ;)

We should protect our flag from the gov-
ernment and fight against them!

Everything for Germany! We will de-
stroy the Democrats! #Hammerskins88
#HH18

Thanks to all patriots!

If we don’t act soon, we will suffer even
more damage. Time for an uprising!

The harmful employment agency should
look in the mirror.

Manually Crafted Answer

The post uses a banned phrase (“Our honor is loyalty”) and thus disseminates
unconstitutional symbols. Accordingly, the post should be classified under the
category of agitational content.

The post expresses dissatisfaction with the government and suggests voting for
another party. Therefore, it constitutes legal government criticism. Accordingly,
the post should be classified under the category Critical.

The post does not contain any comments directed against the government. There-
fore, this post should be classified under the category Nothing.

This post talks about a fight against the government, which corresponds to a call
for violent action. Therefore, the post should be classified as Subversive.

The phrase “Alles fiir Deutschland” is considered banned symbolism in Germany.
Therefore, this post should be classified as Agitational.

This post does not express any government criticism or negative attitude towards
the democratic constitutional order. Therefore, the post should be assigned to the
category Nothing.

This post calls for an uprising against the government. Therefore, the post should
be assigned to the category Subversive.

The post expresses dissatisfaction with the Employment Agency. The statement is
therefore understood as legitimate criticism, allowing the post to be assigned to
the category Critical.
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B.2.2 Prompt Design

Original prompt, written in German.

In-Context Learning

English translation of the original prompt.

In-Context Learning

A: ,,Subversive‘

Posts der Kategorie ,,Subversive “ driicken das Ziel
aus, die Regierung durch gewaltsame Handlungen
zu stiirzen und somit die staatliche Ordnung zu
beseitigen. Dies kann in Form von Ankiindigungen,
Drohungen oder Aufrufen zum Handeln geschehen.
B: ,,Agitational‘

Posts der Kategorie ,,Agitational“ haben das Ziel,
andere Personen in aggressiver Art und Weise
gegen die freiheitlich-demokratische Grundord-
nung aufzuhetzen. Dabei werden konkrete Mafinah-
men wie beispielsweise die Verbreitung von Pro-
paganda oder Beschddigung von Staatssymbolen
ergriffen.

C: ,,Critical*

Der Tweet duflert Kritik an der Regierung, an
Amtstrdgern, Beamten, Behorden oder politis-
chen Parteien, ohne konkrete Absichten gegen
die freiheitlich-demokratische Grundordnung
anzudeuten.

D: ,,Nothing*

Posts der Kategorie , Nothing ““ richten sich weder
gegen die Regierung noch gegen die freiheitlich
demokratische Grundordnung.

Instruction:

Ordne den nachfolgenden Post in eine der oben
genannte Kategorien (A-D) ein. Entscheide dich
immer fiir genau eine Kategorie. Stelle deine Ar-
gumente in kurzer Form dar.

Post:
<Example 1>

[Example Answer 1]

" Post:
<Example Post 2>

[Example Answer 2]

" Post:
<Example Post 3>

[Example Answer 3]

[...]

 Post:
<Example Post 7>

[Example Answer 7]

( Post:
<Example Post 8>

[Example Answer 8]

" Post:
<Post to classify>
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A: ,,Subversive‘

Posts in the ”Subversive” category express the goal
of overthrowing the government through violent ac-
tions and thereby eliminating the state order. This
can take the form of announcements, threats, or
calls to action.

B: ,,Agitational“

Posts in the “Agitational” category aim to incite
others aggressively against the liberal democratic
order. This involves concrete actions such as
spreading propaganda or damaging state symbols.

C:,,Critical*

The tweet expresses criticism of the government,
officials, civil servants, authorities, or political
parties without indicating any concrete intentions
against the free democratic basic order.

D: ,,Nothing*

Posts in the ”Nothing” category are directed nei-
ther against the government nor against the liberal
democratic order.

Instruction:

Classify the following post into one of the cate-
gories (A—D) mentioned above. Always choose
exactly one category. Briefly explain your reason-
ing.

Post:
<Example 1>

[Example Answer 1]

" Post:
<Example Post 2>

[Example Answer 2]

[ Post:

<Example Post 3>

[Example Answer 3]

[...]

[ Post:
<Example Post 7>

[Example Answer 7]

" Post:
<Example Post 8>

[Example Answer 8]

" Post:
<Post to classify>
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B.3 Chain of Thought Prompting

Original prompt, written in German.

A: ,,Subversive*

Posts der Kategorie ,,Subversive“ driicken das Ziel
aus, die Regierung durch gewaltsame Handlungen zu
stiirzen und somit die staatliche Ordnung zu beseitigen.
Dies kann in Form von Ankiindigungen, Drohungen
oder Aufrufen zum Handeln geschehen.

B: ,,Agitational“

Posts der Kategorie ,,Agitational “ haben das Ziel, an-
dere Personen in aggressiver Art und Weise gegen die
freiheitlich-demokratische Grundordnung aufzuhetzen.
Dabei werden konkrete Mafinahmen wie beispielsweise
die Verbreitung von Propaganda oder Beschiidigung
von Staatssymbolen ergriffen.

C: ,,Critical*

Der Tweet dufsert Kritik an der Regierung, an Amt-
strigern, Beamten, Behorden oder politischen Parteien,
ohne konkrete Absichten gegen die freiheitlich-
demokratische Grundordnung anzudeuten.

D: ,,Nothing**

Posts der Kategorie ,,Nothing“ richten sich weder
gegen die Regierung noch gegen die freiheitlich
demokratische Grundordnung.

Instruction:

Ordne den nachfolgenden Post in eine der oben genan-
nte Kategorien (A-D) ein. Entscheide dich immer
fiir genau eine Kategorie. Denke dabei Schritt fiir
Schritt, wie man diese Aufgabe l6sen kann. Denke
dariiber nach, welche Merkmale die einzelnen Klassen
erfordern, wie sie sich voneinander unterscheiden und
welche dieser Merkmale im Post vorhanden sind.

Post:
| <Post to classify>

Chain of Thought
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English translation of the original prompt.

Chain of Thought

A: ,,Subversive*

Posts in the ”Subversive” category express the goal of
overthrowing the government through violent actions
and thereby eliminating the state order. This can take
the form of announcements, threats, or calls to action.
B: ,,Agitational*

Posts in the "Agitational” category aim to incite oth-
ers aggressively against the liberal democratic order.
This involves concrete actions such as spreading pro-
paganda or damaging state symbols.

C: ,,Critical*

The tweet expresses criticism of the government, offi-
cials, civil servants, authorities, or political parties
without indicating any concrete intentions against the
free democratic basic order.

D: ,,Nothing*

Posts in the ”Nothing” category are directed neither
against the government nor against the liberal demo-
cratic order.

Instruction:

Classify the following post into one of the categories
(A—D) mentioned above. Always choose exactly one
category. Think through the task step by step. Consider
what characteristics each category requires, how they
differ from one another, and which of these character-
istics are present in the post.

Post:

<Post to classify>




B.4 Task Decomposition

B.4.1 Prompt Design

Original prompt, written in German. English translation of the original prompt.
Enthdilt der Beitrag eine negative Einstellung, Does the post contain a negative attitude, actions,
Handlungen oder Kritik gegeniiber staatlichen In- or criticism toward state institutions, state actors,
stitutionen, staatlichen Akteuren oder gegen die or the democratic constitutional order? Answer
demokratische Grundordnung? Antworte kurz mit briefly with Yes or No.

Ja oder Nein. Post:
Post: <Post to classify>
<Post to classify> \ 4
. s [Model Answer 1]
[Model Answer 1] - N
-~ ~ Does the post call for violence against state actors
Wird durch den Post zu Gewalt gegen staatliche Ak- or their representatives? This may include, for
teure oder deren Vertreter aufgerufen? Dies kann example, the violent removal of politicians. Answer
beispielsweise die gewaltsame Absetzung von Poli- briefly with Yes or No.
tikern beinhalten. Antworte kurz mit Ja oder Nein. b ’
. = [Model Answer 2]
[Model Answer 2] - ~
. N Does this post call for other anti-government but
Wird durch diesen Post zu anderen staats- non-violent actions, or does it spread propaganda
feindlichen, —aber gewaltfreien, Handlungen or unconstitutional symbols? This includes, for
aufgerufen oder wird durch den Post Propa- example, swastikas or specific statements from the
ganda beziehungsweise verfassungsfeindliche Nazi era. Answer briefly with Yes or No.
Symbole verbreitet? Dazu zihlen beispielsweise > =
Hakenkreuze oder bestimmte Aussagen aus der | [Model Answer 3]
| NS-Zeit. Antworte kurz mit Ja oder Nein. ]
[Model Answer 3]

B.4.2 Label Assignment

Answer 1 Answer2 Answer 3 Class Label

No No No Nothing
No No Yes Criticism
No yes No Subversive
No yes yes Subversive
yes No No Agitation
yes No yes Agitation
yes yes No Subversive
yes yes yes Subversive

Table 6: Label assignment for the Task Decomposition
approach for all combinations of model answers.
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Post

[...] Genug davon (¢ #refugeesnotwel-
come [...] #MerkelMussWeg

Merkel muss gehen, und jeder Asylbewer-
ber, der sich nicht benimmt, muss folgen

Ermutigen Sie Familie und Freunde, bei
den Wahlen nationalistisch zu wihlen!
#MerkelMussWeg #Islamisierung

B.5 Answer Formatting

Original prompt, written in German. English translation of the original prompt.
Multi-Step JSON Formatierung Multi-Step JSON Formatting

Fasse deine Antwort in JSON-Format zusammen. Summarize your answer in JSON format. Use the

Nutze dabei folgendes Format: following structure:

{ {

"Antwort”: <Klasse> "Answer”: <Class>

} }

Wobei fiir <Klasse> entweder ,,Nothing “, ,, Criti- Whereby either “Nothing”, “Critical”, ‘Agita-

cal®, , Agitational“ oder , Subversive “ eingesetzt tional’ or “Subversive” can be used for <Class>.
| werden konnen. L

Multi-Step JSON Formatierung Multi-Step JSON Formatting

Fasse deine Antworten in JSON-Format zusammen. Summarize your answers in JSON format. Use the
Nutze dabei folgendes Format: following structure:
{ {
‘negative Einstellung‘: <Antwort 1> ‘negative attitude‘: <Answer 1>
"Gewalt‘: <Antwort 2> "Violence‘: <Answer 2>
‘andere Handlungen ‘: <Antwort 3> ‘other Actions‘: <Answer 3>
} }
Wobei fiir <Antwort 1>, <Antwort 2> und Either Yes or No can be used for <Answer 1>, <An-
<Antwort 3> entweder Ja oder Nein eingesetzt wer- | swer 2> and <Answer 3>. )
| den konnen.
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